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Abstract
We study how the tasks conducted on the job relate to measures of cognitive skills
using data from 18 countries participating in the Programme for the International
Assessment of Adult Competences (PIAAC) and from 13 countries that also
participate in the International Adult Literacy Study (IALS). We document two main
findings. Firstly, individual-fixed effect models suggest that low-educated workers
specializing in a particular set of basic tasks -say, in numeric relative to reading or
ICT tasks- obtain 10% of one standard deviation higher scores in the domain of the
PIAAC assessment most related to those tasks than in the rest -say, numeracy relative
to literacy or problem-solving scores. Secondly, a synthetic cohort analysis using
repeated literacy assessments in IALS and PIAAC indicates that, among the low-
educated, long-run increases in the reading task component of jobs correlate
positively with increases in cohort-level literacy scores. The results are stronger
among low-skilled workers with less working experience or females -i.e., the set of
workers who have had less time to sort in the labor market. An interpretation of our
findings is that tasks conducted on the job help in building human capital but are
imperfect substitutes of formal schooling.
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1 Introduction

Workers obtain skills both in the formal education system and by learning on-the-
job.1 While there is a substantial literature on how schooling raises cognitive skills
and, in turn, wages, much less is known about how skills are formed by learning on
the job.2 In particular, previous literature has documented a heterogeneity in
experience profiles that could be due to search frictions, increased competition for
jobs or differences in human capital accumulation -like the task content of jobs.

Our study uses data on actual tasks conducted on the job and on measures of
cognitive skills to study the link between tasks and cognitive skills. We rely on
measures of cognitive ability of representative samples of the population of 18
countries participating in PIAAC, an OECD-coordinated effort to measure the skills
of the population between 16 and 65 years of age. We measure human capital
through three cognitive measures in standardized tests: numeracy, literacy and
problem-solving skills. The availability of three different measures is important, as it
allows us to relate specific tasks to skills while holding constant an individual-fixed
effect.

Measures of cognitive skills are an important source of information because of
two main reasons. The first is that measures of cognitive abilities are available for
representative samples of the population that include the long-term unemployed.3

Conceptually this is important, as the accumulation of human capital by low-skilled
is an important policy parameter that may be difficult to measure using wages -as that
group is more likely to be affected by non-employment -see Charles, Hurst and
Notowidigdo (2016). By proxying human capital with measures of cognitive skills,
we avoid econometric problems related to modeling labor market participation.
Furthermore, the literature has documented that the skill measures we use are indeed
related to wages.4

Our empirical strategy draws from the literature that estimates education pro-
duction functions by using multiple measures of skills. In particular, we estimate the

1 See Mincer (1974), Rosen (1972), Ben Porath (1967).
2 See Card (1999), Angrist & Krueger (1991), Carneiro, Heckman and Vytlacil (2011). For example, it is
well known that wages increase with labor market experience, that the monetary return to experience is
typically higher for workers with college and it is lower in low-income countries than in high income
countries (see Lagakos et al., (2018)). In addition, the monetary return to experience is lower the larger the
size of a cohort -see Jeong et al. (2015).
3 The depreciation of human capital may depend on the duration of non-participation spells and not so
much on the level of qualification prior to the period of unemployment. See Jacobson, LaLonde and
Sullivan (1993) and related literature. Also it may depend on the age of the worker when facing the
unemployment spell. See Arellano-Bover (2020). As PIAAC collects information about the task content of
the last job of unemployed respondents, we are able to include those workers in the analysis.
4 For example, Leuven, Oosterbeek and van Ophem (2004) document that cross-country variation in the
net supply of skills -as measured by the International Adult Literacy Survey- correlates negatively with
wages, a relationship that is especially strong among low-skilled workers. An interpretation of the finding
is that cognitive skills are indeed priced by the labor market. In addition, Hanushek, Schwerdt, Wiederhold
and Woessman (2015) also document that numeracy skills are positively associated to wages in the twenty-
three countries participating in PIAAC. Nevertheless, the use of wages as a sufficient statistic for human
capital is not uncontroversial in an international setting, as different institutional settings may break the link
between current wages and skills (Blau & Kahn (1996)).
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contribution of on-the-job learning on human capital by exploiting the availability of
multiple measures of cognitive skills for the same individual and the fact that jobs
vary in their task content.5 For example, we estimate the effect of the relative
intensity of numeric (relative to reading) tasks on the job on the relative score in
numeracy (versus literacy) tests, using a specification that absorbs any individual-
level characteristic that is constant across human capital measures.6 We do similar
exercises to test if workers in ICT intensive jobs perform better in the problem
solving part of the test than on the literacy part.

The above mentioned estimates control for a fixed-effect that is common across all
cognitive measures but also captures sorting components. For example, workers may
invest in specific skills at the beginning of their working life anticipating higher monetary
returns in future jobs (Lazear (2009)). Alternatively, tasks may have an amenity com-
ponent, and workers may sort into jobs with those tasks according to their preferences.7

To get a sense of the magnitude of that sorting component, we use various methods. The
first method assumes that very basic tasks like using a calculator or reading emails are
unlikely to increase the cognitive skills of workers with high levels of schooling -we
provide some evidence on this regard. As a result, any differential performance in
numeracy tests relative to literacy or problem-solving tests associated to specialization in
basic numeric tasks among college or high-school workers may reflect sorting across jobs,
allowing us to assess to what extent our estimates reflect biases due to selection. A second
method combines information from the literacy assessments in the 1994 International
Adult Literacy Survey (IALS) and in PIAAC as well as information about the reading and
numeric component on jobs to construct synthetic life-cycle profiles of reading tasks and
literacy scores -see Barrett & Riddell (2016). We then regress cohort-level changes in
literacy scores on the cohort-level changes in the reading content of jobs.8

Our results can be summarized as follows. Individuals with compulsory schooling
and working in jobs with a relatively higher intensity of basic numeracy tasks per-
form relatively better in numeracy tests than in literacy or problem solving tests (and
viceversa). Namely, respondents with basic schooling who fully specialize in basic
numerical tasks on their jobs obtain between 7% and 10.8% of one standard
deviation higher scores in the numeracy test than in the literacy test. On the other
hand, in our preferred sample of individuals with less than 10 years of experience, the
association between specialization in numerical tasks and relative performance in the
numerical test is much weaker among individuals with a high school or a college
degree. The relationship is also stronger among females. We interpret from the

5 We do not model the role of non-cognitive skills - Cunha & Heckman (2007). However, we control in
the analysis below for related variables, like the respondent’s assessment about his or her own interest in
learning about new things.
6 In a different, but related setting Silva, Lavy and Weinhardt (2012), Bietenbeck (2014) or Mincer (1974)
exploit the availability of multiple measures of cognitive skills and differential exposure across subjects to
estimate the impact of peers or teacher characteristics on on test scores.
7 See Lise & Postel-Vinay (2020), who estimate a model on longitudinal data where workers are endowed
with bundles of skills that have different returns depending on job requirements. Sorting across jobs plays
an important role in accounting for lifetime output of a worker.
8 That specification holds constant the unobserved initial stock of literacy at the cohort level, and identifies
the impact of job content on literacy skills using an alternative set of assumptions from those in the worker
fixed-effect model.
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methods outlined above that sorting, despite of being an important mechanism on its
own, is unlikely to drive all of our results.9

An interpretation of our findings is that on-the-job learning by conducting basic
numerical, reading or ICT tasks is an imperfect substitute for formal education for
workers with compulsory schooling. We draw on evidence in previous studies to obtain
a tentative estimate of the degree of substitution between of one year of formal education
and between two and four years of skill acquisition on the job. The rest of the paper is
organized as follows. Section 2 describes the empirical method. Section 3 describes the
datasets. Section 4 discusses the link between between tasks on-the-job and numeracy
and literacy scores and the main results. Section 5 presents the main conclusions.

2 Empirical methods

We assume that human capital Ci is acquired by an individual i through the formal
education system (that we denote as Si) and by the task-content of his or her job,
denoted by Ji. Individuals may also vary in their initial endowment of human capital,
C0,i, a measure that summarizes factors related to the innate ability of a worker.

Ci ¼ α0 þ α1Si þ α2Ji þ α3Ji � Si þ C0;i þ ϵi ð1Þ
We use three different proxies of human capital, Ci, measured through numeracy,
literacy and problem-solving scores in standardized tests (Cn,i, Cl,i and Cp,i

respectively) and three different measures of tasks performed on each respondent’s
current or last job: ICT-related (Ji= pi) reading-related (Ji= li), numeracy-related
(Ji= ni). That means that we observe:

Cm;i ¼ α0;m þ α1;mSi þ α2;mJi þ α3;mJi � Si þ C0;i þ ϵmi; m ¼ n; l; p ð2Þ
where C0,i absorbs initial skills that affect equally all sorts of cognitive skills (problem-
solving, reading or numeracy-related). Also, as PIAAC is a cross-section, note that C0,i is
effectively a worker-time fixed effect. For that reason, C0,i also absorbs any characteristic
of the employer-employee match (like possible mismatches between the employee
qualifications and those required by the job) or, in the case of non-employed individuals,10

any depreciation of their human capital that is constant across all cognitive measures. ϵmi
is a mean-zero unobserved factor reflecting the initial endowment of domain-specific
human capital, uncorrelated with the initial amount of general human capital C0,i.

11

9 One important caveat about our estimations is that we do not explicitly account for the endogeneity of
the decision to get schooling. However, we note that the correlation between specialization in basic
numerical tasks and relative score in the numeracy test is similar across respondents with high school and
with a college degree, a fact that suggests that biases due to endogeneity of schooling may not be that large.
10 See Edin & Gustavsson (2008) for a detailed analysis on skill depreciation between work interruptions.
11 Model (2) deals with numeracy, literacy and problem solving scores linearly, while many analysts
consider thresholds in scores that signal discontinuous changes in respondents skill levels. At this stage, we
do not do much about this problem for two reasons. The first is that we rely on worker-level fixed effects,
which are hard to incorporate into non-linear models. The second reason is that, as discussed below, one
key assumption is that the impact of literacy tasks on literacy scores is similar to the impact of numeric
(ICT) tasks on numeracy (problem solving) scores. That assumption is hard to implement in non-linear
settings.
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We focus on α2,m, the impact of domain-specific tasks done on the job (reading,
numeric and ICT) on domain-specific cognitive skills Cm,i.

12

2.1 On the job learning vs sorting on the job

A problem when estimating model (2) is that the failure to hold pre-labour market
ability constant, C0,i, is likely to result in an upward bias of OLS estimates of α2,m in
Model (2).13 We exploit multiple measures of human capital for the same individual
to control for C0,i. In particular, under the assumption that the impact of conducting
reading tasks on literacy scores equals the impact of mathematical tasks on numeracy
scores (i.e. α2,n= α2,l= α2,p and that α3,n= α3,l= α3,p), one can take the difference
between any pair of skills (say, numeracy vs literacy):

Cn � Cl ¼ ½α0;n � α0;l� þ ½α1;n � α1;l�Sþ α2½n� l� þ α3½n� l� � Sþ ϵn � ϵl ð3Þ
Model (3) identifies the impact of tasks performed on-the-job on particular forms of
human capital (numeracy vs literacy) by comparing individuals who have different
degrees of specialization in the tasks they perform in their jobs (in the example,
numeric vs reading tasks, or n− l, but we can also estimate the impact on cognitive
skills of n− p and l− p).14

A second consideration in Model (2) is that workers sort in the labour market
according to their initial endowment of domain-specific human capital. For example,
workers with an initial ability for numeracy-related jobs may sort into numeracy-
intensive jobs. Alternatively, workers may decide to invest in a set of skills at the
beginning of their careers in anticipation of obtaining a better job in the future if the
current match dissolves (Lazear (2009)). In other words, workers with a higher value
of ϵn− ϵl (or a comparative advantage in numeracy tasks) are likely to sort into a
relatively math-intensive work environment -i.e., with a higher level of [n -l]. Sorting
would generate a positive correlation between the numeracy content of a job and
initial endowment of numerical human capital.

One way to see this bias is a model along the lines of Roy (1951). Assume that
jobs are bundles of monetary and non-monetary aspects, the latter being related to the
type of tasks they involve (either numeracy or reading- related tasks).15 Assuming

12 We gauge the skill gain of workers with basic schooling by examining how the task content of their job
(either p, l or n) correlates with different measures of skills. Ideally, we would like to disentangle between the
impact of current tasks on the job and the cumulative impact of tasks in previous jobs -i.e., for the whole history
of numeracy or literacy tasks performed in different jobs. However, we deal with repeated cross sections and
that information is not available. Hence, when we use as the regressor of interest the type of tasks performed on
the job, we also control for the number of years of potential working experience.
13 A possible reason is sorting on general ability if firms retain better workers. Arellano-Bover (2020)
documents lower cognitive scores among workers who started their careers at times of higher levels of
unemployment, possibly due to starting matches with smaller, worse firms. That could be a reason for an
upward bias in the estimation of α2,m in models without individual fixed effects.
14 In particular, an individual fixed-effect model absorbs cohort-level changes in the general ability of
workers. See Green & Riddell (2013) for a discussion in the context of parsing out life-cycle and cohort
effects in skill accumulation.
15 Villanueva (2007) shows that workers are willing to sacrifice up to 6% of their wage to work in a job
requiring skills that suit their abilities, suggesting that the skill content of a job may enter their utility
function.
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that jobs involve either numeric tasks (n= 1, as we show below, a salesperson) or
reading tasks (n= 0, as we discuss below, a personal care worker), conditional on
choosing a numeric job, the gap in cognitive skills in math and, say, numeracy can be
written as the sum of the return to skills and a selection term:

EðCn � Cljn ¼ 1Þ ¼ α2nþ Efϵn � ϵljϵn � ϵl > kg ð4Þ
That is, the gap between measured numeracy and literacy skills may arise either

because workers acquire numeracy skills in their jobs by performing relatively more
numeric tasks (α2) or because of a sorting process that arises both from initial
comparative advantage in numeracy skills and for taste for jobs that involve
numeracy tasks. While separating the sorting and the productivity components is
very difficult we can obtain estimates of α2 among groups of workers for whom (a)
the ability to sort is limited and (b) the ability to learn from a certain tasks is higher
than the rest. If α2 is highest among such groups, we can infer that sorting does not
account for the relationship between task specialization and human capital
accumulation16,17

For example consider the case of workers with a college degree, who are arguably
more mobile than workers with basic schooling (see Charles et al. (2016)).18 Those
workers may end up with higher numeracy skill levels -relative to literacy or
problem-solving ones- due to their initial endowment of numeracy or because their
choice of electives.19 Within that group of workers with a college degree, simple
numeric tasks like using a calculator are unlikely to increase their skills but they may
still be statistically associated to gaps between the numeracy and literacy or problem-
solving skills because of sorting. Hence, the correlation between the numeracy vs
reading or problem solving scores and the presence of simple numeracy tasks for
those workers may simply capture preferences towards jobs with numeracy content.

Our strategy proceeds as follows. We first estimate for basic school workers a
regression of the difference between the (normalized) numeracy vs literacy score on
the presence of simple numeric tasks -relative to reading or ICT tasks. That estimate
measures the causal impact of performing numeric tasks on the normalized numeracy
score plus a sorting component. The second step is to estimate the same regression
for a sample of individuals with either a high school or a college degree, with a

16 See Lise & Postel-Vinay (2020) on the wage dynamics implied by the match between skills of a worker
and job requirements.
17 The expression (4) can be obtained assuming that there is a market return to ability, above and beyond
schooling or other covariates wn=wCn where Cn is the numeric ability of the worker and w is the market
price of the unit of skill, be it numeric or reading-related. Sorting implies that workers choose the
numeracy-intensive job if u(wn, n) > u(wl, 0) or Cn � Cl >

v½0��v½n�
w In other words, a worker will choose a

numeracy job when the wage return to her numerical ability -relative to the literacy one- exceeds any
possible utility loss from conducting numeric, rather than literacy tasks. Further using Model (2), together
with Cn= α2n+ ϵn and Cl= ϵl one can obtain expression (3) in the text.
18 Low skilled individuals tend to concentrate in particular occupations. As it is shown in Table 7, the six
most important occupations account for 45% of low skilled employment, whereas in the case of high
skilled individuals, six main occupations correspond to a 38% of employment. We interpret from this
evidence that low educated individuals have less occupations to sort in as their abilities are concentrated in
a specific set of tasks.
19 We assume that for workers with high education levels, performing simple tasks on their jobs does not
lead to an increase in their numerical score, i.e., for those tasks α2 equals zero.
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higher ability to sort. If α2 is largest among workers with basic schooling than among
the rest, we infer that the link between tasks and human capital captures learning on
the job. We repeat those exercises for numeracy vs problem-solving skills (by
comparing scores in numeric jobs vs ICT intensive ones) and literacy vs ICT.20

In addition, we use an alternative method to control for initial human capital
endowments is to use repeated measures of cognitive abilities over time. For
example, using several realizations for the same individual, we could control for C0,i

by taking differences over time. Unfortunately, repeated observations on cognitive
skills are not available at the individual-level. Nevertheless, the repeated country-
specific assessments in IALS (1994) and PIAAC (2012) make it possible to track
cohort-level changes in the evolution of literacy skills and the task content of jobs
over the life-cycle in thirteen countries. In particular, taking cohort-specific averages
in Model (3):

Cl;c;t ¼ α0;l;t þ αlJl;c;t þ C0;c þ ϵl;c ð5Þ

A hat over a variable denotes its cohort-specific mean (i.e., Cl;c;t ¼
P

i
Cl;i;t

Nc
is the

cohort-specific average of the literacy score and Jl;c;t ¼
P

i
Jl;i;t
Nc

the cohort-level mean
of tasks). We define cohorts as groups of respondents sharing (10-year) date-of birth,
country, education level and gender. Drawing on multiple observations for the same
cohort over time, one can take within-group differences and estimate α(2, l) as follows:

Cl;c;2012 � Cl;c;1994 ¼ Δα0 þ αl½Jl;c;2012 � Jl;c;1994� þ ϵl;c;2012 � ϵl;c;1994 ð6Þ

Jl;c;2012 � Jl;c;1994 reflects changes in the reading requirements of jobs over time.
Unlike Model 2, changes in Jl;c;2012 � Jl;c;1994 are unlikely to reflect sorting of
individuals across jobs, as it is unlikely that members of a cohort systematically look
for the same type of jobs. Still, to test for the presence of sorting due to correlation
between ϵl;c;2012 � ϵl;c;1994 and Jl;c;2012 � Jl;c;1994 we control for changes in numeracy
requirements of tasks on the job measured both in IALS (1994) and in PIAAC
(2012). Under the assumption that αl mainly picks up the reading content of jobs, it
should not be affected by whether or not we introduce other indicators of the task
contents of jobs, such as the numeracy intensity. Thus we run an alternative model
and test if the numeracy content of jobs explains the increase in literacy. In addition,
the initial use of tasks by a cohort could be an indicator of future cognitive skills
(through learning) and sorting (if a cohort faces exceptionally low use of a skill, by
convergence its use may increase). To verify the extent to which initial conditions are
driving our results we introduce controls for the mean reading task use in 1994.

20 Finally, we are taking schooling as exogenous. It is not clear whether the endogeneity of schooling is
related to the differential task content of jobs. To informally assess if the endogeneity of schooling affects
our estimates, we examine the correlation between performing simple tasks on the job and the difference
between numeracy vs literacy scores at various levels of education. To the extent that the correlation does
not vary across education groups, other than workers with basic schooling, it gives us confidence that
endogeneity of schooling is not affecting our estimates.
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3 Database

The main data source is the Programme for the International Assessment of Adult
Competencies (PIAAC), provided by the OECD and collected between August 2011
and March 2012. PIAAC includes an internationally comparable data on literacy and
numeracy proficiency, as well as on the tasks performed at work by adults aged
16-65. We use 18 countries: Belgium, Canada, Czech Republic, Denmark, Estonia,
Finland, France, Germany, Ireland, Italy, Korea, Netherlands, Norway, Slovak
Republic, Spain, Sweden, USA and the United Kingdom (namely, England and
Northern Ireland).21

In each country a representative sample of adults between 16 and 65 years took a
direct assessment of their proficiency in numeracy, literacy and problem-solving.
Numeracy measures the ability of “managing a situation or solving a problem in a
real context by responding to mathematical information and content represented in
multiple ways”. The “literacy” assessment excludes the ability to write, but goes
beyond reading ability by measuring “the range of cognitive strategies (...) that adults
must bring into play to respond appropriately to a variety of texts of different for-
mats”.22 The “problem solving” assessment measures the ability of individuals to
solve problems that arise using ICTs (...), where problems are a consequence of the
availability of new technologies (...) and require the use of computer-based artifacts
(...)”. Of the countries surveyed, France, Italy and Spain did not include that
assessment, so we omit those countries in any model including problem-solving
scores (but not in the rest). The survey was implemented either by computer or on
paper and pencil.23

In addition, PIAAC contains internationally comparable information about the
educational attainment of individuals as well as about the tasks performed in the
current or last job.

Tasks. The survey asks each employed respondent about how many times he or
she conducted a particular task during the last month. In addition, non-employed
respondents with previous labour market experience are also asked about the tasks
done in their last job. The number of tasks listed in the survey is large, and we have
classified them as either numeracy, reading or ICT related. Numeracy-related tasks
include elaborating a budget, using a calculator, reading bills, using fractions or
percentages, reading diagrams, elaborating graphs or using algebra. We classify as
literacy-related tasks reading email, reading guides, reading manuals, writing emails,
writing reports, reading articles, reading academic journals, reading books and
writing articles. Finally, ICT tasks involve using email, using internet, processing
texts, conducting transactions over internet, programming and using spreadsheets.

21 We do not use data on Russia as the data is not really comparable to the rest (see OECD (2013)). The
questionnaires in Japan and Poland did not ask about the tasks workers do at their job, so they lack
essential data for the analysis.
22 All excerpts from OECD (2013). The exact definition of literacy is understanding, evaluating, using and
engaging with written texts to participate in society, to achieve one’s goals, and to develop one’s
knowledge and potential”. Numeracy is defined as “the ability to access, use, interpret and communicate
mathematical information and ideas, in order to engage in and manage the mathematical demands of a
range of situations in adult life”.
23 We control for a dummy that indicates whether the individuals conducted the exam on paper.
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We also distinguish between basic and advanced tasks using principal component
analysis, as their impact on human capital accumulation is likely to vary across edu-
cational groups. Regarding numerical tasks, we classify tasks into advanced and basic,
and identified elaborating a budget, using a calculator, reading bills, using fractions or
percentages and reading diagrams as basic tasks. Conversely, we classify elaborating
graphs or using algebra as advanced tasks.24 Similarly, we classified reading email,
reading guides, reading manuals, writing emails, writing reports and reading articles as
simple literacy tasks, while reading academic journals, reading books and writing
articles were classified as advanced literacy tasks. Regarding ICT tasks, we classify
using email, using internet and conducting transactions over internet as basic, and
programming, processing texts and using spreadsheets as advanced tasks.25

We measure the numeric task intensity of a job computing the number of math related
tasks reported. If a worker reports performing all basic numeric tasks on her job (i.e. if at
least once a month she elaborates a budget, reads bills, reads a diagram, uses a calculator,
and computes a fraction or percentage in her current or last job) we grant her 1(=5/5) in
“Basic math tasks”. If she conducts only one of the five tasks, we grant her 0.20= (1/5).26

For example, around 15% of low educated workers in the overall sample are granted one.
We define “Basic literacy tasks” and “Basic ICT tasks” in a similar fashion. The degree of
specialization is defined as the difference between “Basic math tasks”, “Basic literacy
tasks” or “Basic ICT tasks”. The resulting distribution of numeracy, literacy and ICT
content across 2-digit occupations is shown for individuals with basic schooling in
Table 7. Note that the OECD also provides a measure of task intensity, which we
introduce alternatively in results of Table 3.27 However, the reason why we use our own
measure is that to be able to get a scope of the relative magnitude of sorting and on-the-
job learning components we draw on the distinction between basic and advanced tasks.
The available measure in PIAAC does not allow for that distinction.28,29

24 Principal Component Analysis helps us in identifying to what extent those tasks vary jointly across jobs. We
do not use the factors resulting from Principal Component Analysis in our exercise except that for the case that
it helps us in identifying to what extent those tasks vary jointly across jobs. Regarding numeracy, two main
factors account for about 70% of the total variance. The first factor put equal weights on all tasks, while the
second factor weighted only the last two (elaborating diagrams and using algebra). Those results led us into
classifying elaborating diagrams and using algebra as advanced tasks, while we consider the rest as basic tasks.
25 Following the same strategy as with numeracy, the first factor put equal weights on all tasks while the
second factor weighted only the advanced mentioned, letting us classify them into advanced literacy or ICT
tasks. These two factors explain around a 60% (in the case of literacy) and 70% (in the case of ICT) of total
variance.
26 We interpret that individuals with missing information in these variables do not perform any task.
27 We use the OECD alternative measure of task intensity as a robustness check of our main results in
Table 2 due to a couple of reasons. On one hand, the OECD measure of task intensity permits to consider
the intensity of doing tasks (not only how many types of tasks the worker conducts). On the other, OECD
measure is available for all the individuals in the sample, even those who do not respond to a question
related to a specific task performed (a case in which we assume that the worker does not conduct that task.
These two concerns might slightly affect our results as an upward bias of our own measure. The OECD
skill use measure is not sensitive to these concerns.
28 Furthermore, the measure is missing for a large part of the sample, resulting in smaller sample sizes than
those shown below.
29 We experiment with other alternative measures of task intensity in the working paper version of
the study.
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Formal education. We group individuals in three schooling levels, following a
classification elaborated by the OECD. The first is primary education or less. The
second is composed of individuals having completed either baccalaureate studies or
forms of Vocational Training that, according to the ISCED classification, do not
constitute university education. The third group is composed of individuals with any
type of university education, including those forms of Vocational Training that
ISCED considers equivalent to college.

Sample selection. To obtain a large sample of individuals from different countries
we pool employed and unemployed individuals as well as females and males
between 16 and 55 years of age. We decided to stop at 55 because at that age the
fraction of retired workers jumps to 30%. As there is evidence pointing at retirement
as being associated to a sharp cognitive decline and we focus on workers in the labor
force, we chose that age range. Finally, we exclude from the sample respondents
without labour market experience. The resulting sample contains 83,811 individuals
in those 18 countries. Sample sizes per country vary between 19,566 in Canada and
2,737 in Sweden.

3.1 Summary statistics in PIAAC

Table 1 shows summary statistics for the 18 countries that conducted the numeric and
literacy scores. The fraction of prime workers with basic schooling is 19% in the full
sample, being highest in Spain (43%) and lowest in the Czech Republic (6%). The
average number of years worked does not change much across countries, in contrast.

Figure 1 shows the fraction of individuals who report having performed in their
current or last job one of the basic tasks, by schooling group. Figure 1b replicates
Fig. 1 by schooling group but for advanced tasks. As expected, the fraction of
individuals who report having performed a basic task is larger among those with
basic schooling than among those with college. Excluding Finland, Czech and
Slovak Republic, between one quarter and one third of individuals with basic
schooling perform at least one of the simplest numeric (reading) tasks. That similarity
may be surprising, given the large cross-country differences in the fraction of indi-
viduals with basic schooling or in the industrial composition.30 Thus, the statistics in
Figure 1 suggest that, in most of the countries we consider, a nontrivial share of
individuals with basic schooling perform simple tasks at their jobs, thus having at
least the possibility of acquiring some skills.31

3.2 Evidence from the International Adult Literacy Survey (IALS)

To implement the synthetic cohort analysis, we combine information from two
assessments on Literacy: the 1994 International Adult Literacy Survey (IALS) and

30 The variation in the fraction of respondents with college degree who report having performed advanced
tasks is much higher. More than 70% of graduates in the Czech and Slovak Republics or in Norway,
Sweden, Netherlands or Estonia conduct at least one advanced task in their job while the same fraction is
around 60% in Spain, Ireland or Italy (not shown).
31 The fraction of individuals with primary schooling who perform advanced tasks are really rare, as we
can see in Figure 1b.
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the already mentioned PIAAC.32 We use thirteen countries that are present both in
IALS and PIAAC: Belgium, Canada, Czech Republic, Denmark, Finland, Ger-
many, Ireland, Italy, Netherlands, Norway, Sweden, United Kingdom and the
United States. The rescaled version of IALS has been designed so that measures
of literacy cognitive skills (the only ones available in IALS) are comparable to
those in subsequent assessments (in particular, ALL and PIAAC). All measures
are in a 0–500 scale.

IALS also asks to respondents who have been employed for the last twelve
months about how frequently they perform certain tasks in their jobs in a manner that
is comparable to the questions posed in PIAAC. In particular, we use the following
reading or writing-related tasks: reading letters or memos, reading reports, articles or
manuals, writing letters and writing reports or articles. IALS also includes tasks that
we classify as numerical, such as reading bills, reading diagrams or using math to
compute costs or budgets.

We use individuals born between 1950 and 1969, as they would still be below 65
years of age eighteen years after the IALS assessment, once PIAAC is conducted.
We aggregate observations in cells defined by 10-year birth cohorts, schooling
level,33 gender and country. For shorthand, we assign the IALS and PIAAC mea-
surements of the 1950–1959 cohort to 40 and 55, respectively. Abusing notation, we
assign the ages to the 1960–1969 cohort to 25 years in PIAAC (the average would be
30) and 55 in IALS (the average age would be 47). In Figure 3 we document the
heterogeneity in life-cycle profiles across cohorts that we exploit to identify the
response of literacy scores to the use of reading skills. The sample contains 50 cells
of about 150 individuals in each of them (on average).34

Fig. 1 a Percentage of individuals performing advanced tasks by country and level of education. Source:
PIAAC (2012). Sample of respondents of 16–55 years of age. The figure shows the percentage of indi-
viduals of the sample performing at least once a month a basic numeracy, literacy or ICT task according to
their country and level of education. Basic numeracy tasks are elaborate budgets, use calculator, use
fractions, read diagrams and bills. Basic literacy tasks are read emails, guides, manuals and articles and
write emails and reports. Basic ICT tasks are using email, internet and processing texts and conducting
transactions. The classification is based following Principal Component Analysis on Table 7. b Percentage
of individuals performing advanced tasks by country and level of education. Source: PIAAC (2012).
Sample of respondents of 16–55 years of age. The figure shows the percentage of individuals of the sample
performing at least once a month a advanced numeracy, literacy or ICT task according to their country and
level of education. Advanced numeracy tasks are elaborate charts and using algebra. Advanced literacy
tasks are read academic journals, read books and write papers. Advanced ICT tasks are using spreadsheets,
coding and programming, and discussing at internet. The classification is based following Principal
Component Analysis on Table 7

32 An alternative source of information would be the ALL sample, that measures cognitive skills between
2003 and 2007. Unfortunately, we found a limited number of countries with repeated measurements both
in PIAAC and ALL (Australia, Canada, Italy, Norway, Netherlands, US). As the synthetic cohort sample
requires an ample variation in countries, we opted for analyzing IALS and PIAAC.
33 The OECD has elaborated a classification of schooling levels that is comparable across assessments,
which is the one we use for this part of the analysis.
34 To increase the degree of variation in the data, we aggregate the use of reading tasks taking into account
the reported frequency of each of the tasks.
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4 Results

4.1 Task specialization by occupation

Figure 2 provides a visual test of the variation that identifies the parameter of interest
α2 by showing the different task intensity of 2-digit occupations that employ low-
educated individuals. We compute the (frequency unweighted) relative basic task
specialization and the difference in test scores and plot one against the other. The

Fig. 2 Relative specialization in numeric tasks vs differential performance in the numeracy test. a Sample
includes respondents in PIAAC database with basic schooling. b The differential grade between numeric
test and literacy test is presented in the Y axis, while the X axis presents the difference between the
proportion of numeric tasks done at least once a month over all numeric tasks considered and the
proportion of literacy tasks done at least once a month over the all reading tasks considered. c Each dot is
the average task intensity within each two-digit occupation and across all countries in the sample. d The
OLS slope of the fitted line in the numeracy-literacy plot is .26 and the standard error is .17. The
R-squared is 20%

Task specialization and cognitive skills: evidence from PIAAC and IALS



relationship is positive: workers with compulsory schooling working in occupations
specialized in math-oriented tasks perform relatively better in the numeracy test than
in the literacy one.35

Consider two cases. The first are personal care workers (occupation number 53),
who constitute 9% of all individuals with basic schooling in the full sample. Workers
in that occupation are comparatively specialized in reading tasks, as the frequency-
adjusted difference between their numerical vs reading tasks is negative. The tasks
conducted by the average person in the occupation give clues about the rationale for
that ranking. Personal care workers elaborate budgets, read diagrams or use calcu-
lators with an intensity that is half the sample mean (i.e. the corresponding entry
under each of those numeracy tasks is well below 1 in Table 7). Conversely, personal
care workers read guides or emails and write emails more frequently than the average
worker does (i.e. the frequency of those literacy tasks is well beyond 1 in Table 7). In
that sense, personal care workers are specialized in reading tasks. On the other part,
sales workers (occupation number 52), account for 7% of all individuals with basic
schooling in the full sample. Those workers specialize in numerical tasks. Namely,
the frequency-adjusted difference between intensity in numerical and reading tasks is
generally beyond 1 in Table 7 (i.e., they devote more of their time to numerical tasks
than to reading ones).

4.2 Regression analysis

Table 2 implements a version of Model (3) on a pooled sample of the 15 countries
conducting the three assessments (columns 1–9) and on the full sample (columns
10–12). The numeracy, literacy and problem-solving scores are normalized by the
country-specific standard deviation. The first set of regressions uses a sample of
workers with at most 10 years of potential working experience, the second set uses
workers with more than 10 years of working experience and finally the full sample of
workers (between 16 and 55 years of age). Table 2 does not distinguish between
simple and advanced tasks. All models control for a quadratic polynomial of the
number of years of potential working experience, two indicators of the educational
level of the respondent (high school and college), the interaction between education
and years of working experience, and age dummies (grouped in 5 year bands). We
also include nine 1-digit occupation dummies, 22 industry dummies and country
dummies. In addition, we include intercepts for female, foreign born, whether the
respondent lives with his or her couple, whether he or she does not work, whether the
exam was done in paper, two dummies with self-assessed health status and two
intercepts denoting if the respondent enjoys learning new things -the latter to control
for the possible influence of non-cognitive skills.36

We start with the sample of workers with a potentially shorter labor market
history. The coefficient of n− l in the first row, first column of Table 2 is 0.16,
implying that, relative to workers whose jobs have a similar incidence of numeric and

35 Examples of the main tasks conducted on-the-job are also provided in the appendix of the working
paper version (see Martínez-Matute and Villanueva (2020).
36 All models estimated using the 10 imputed grades in PIAAC, and standard errors are adjusted by that
multiple imputation.

M. Martínez-Matute, E. Villanueva



Ta
bl
e
2

T
he

im
pa
ct

of
ta
sk

sp
ec
ia
liz
at
io
n
on

re
la
tiv

e
pe
rf
or
m
an
ce

in
nu
m
er
ac
y,

lit
er
ac
y
an
d
pr
ob
le
m

so
lv
in
g
sc
or
es

ab
c

S
am

pl
e
of

15
co
un

tr
ie
s
co
nd

uc
tin

g
th
e
th
re
e
as
se
ss
m
en
ts

F
ul
l
sa
m
pl
e
of

co
un

tr
ie
s

M
at
h
sc
or
e

-L
ite
ra
cy

sc
or
e

M
at
h
sc
or
e
-

P
S
L
sc
or
e

L
ite
ra
cy

sc
or
e

-
P
S
L
sc
or
e

M
at
h
sc
or
e

-L
ite
ra
cy

sc
or
e

M
at
h
sc
or
e
-

P
S
L
sc
or
e

L
ite
ra
cy

sc
or
e

-
P
S
L
sc
or
e

M
at
h
sc
or
e

-L
ite
ra
cy

sc
or
e

M
at
h
sc
or
e
-

P
S
L
sc
or
e

L
ite
ra
cy

sc
or
e

-
P
S
L
sc
or
e

M
at
h
sc
or
e
-

L
ite
ra
cy

sc
or
e

M
at
h
sc
or
e
-

L
ite
ra
cy

sc
or
e

M
at
h
sc
or
e
-

L
ite
ra
cy

sc
or
e

≤1
0
ye
ar
s
of

w
or
ki
ng

ex
pe
ri
en
ce

>
10

ye
ar
s
of

w
or
ki
ng

ex
pe
ri
en
ce

16
–
55

ye
ar
s
of

ag
e

≤1
0
ye
ar
s
of

w
or
ki
ng

ex
pe
ri
en
ce

>
10

ye
ar
s
of

w
or
ki
ng

ex
pe
ri
en
ce

16
–
55

ye
ar
s
of

ag
e

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

(1
0)

(1
1)

(1
2)

1.
(N

um
er
ac
y-

L
ite
ra
cy

ta
sk
s)

0.
16

0*
**

–
–

0.
11

3*
**

–
–

0.
12

8*
**

–
–

0.
15

6*
**

0.
11

7*
**

0.
12

9*
**

(0
.0
35

)
(0
.0
22

)
(0
.0
18

)
(0
.0
33

)
(0
.0
20

)
(0
.0
17

)

2.
(N

um
er
ac
y
-

IC
T
ta
sk
s)

–
0.
24

8*
**

–
–

0.
26

3*
**

–
–

0.
25

0*
**

–
–

–
–

(0
.0
45

)
(0
.0
31

)
(0
.0
27

)

3.
(R
ea
di
ng

-
IC
T
ta
sk
s)

–
–

0.
33

6*
**

–
–

0.
27

2*
**

–
–

0.
28
6*

**

(0
.0
46

)
(0
.0
25

)
(0
.0
26

)

4.
(N

um
er
ac
y-

L
ite
ra
cy

ta
sk
s)

*H
ig
h
sc
ho

ol

−
0.
06

1*
–

–
−
0.
01

5
–

–
−
0.
03

1*
–

–
−
0.
05

6*
−
0.
01

9
−
0.
03

1*

(0
.0
36

)
(0
.0
22

)
(0
.0
19

)
(0
.0
33

)
(0
.0
21

)
(0
.0
17

)

5.
(N

um
er
ac
y
-
IC
T

ta
sk
s)
*H

ig
h
sc
ho

ol
–

−
0.
13
2*

**
–

–
−
0.
05

2*
–

–
−
0.
07

2*
*

–
–

–
–

(0
.0
38

)
(0
.0
31

)
(0
.0
26

)

6.
(R
ea
di
ng

-
IC
T

ta
sk
s)
*H

ig
h
sc
ho

ol
–

–
−
0.
18

5*
**

–
–

−
0.
10

9*
**

−
0.
12

8*
**

(0
.0
42

)
(0
.0
23

)
(0
.0
24

)

7.
(N

um
er
ac
y-

L
ite
ra
cy

ta
sk
s)

*C
ol
le
ge

−
0.
00

4
–

–
0.
00

9
–

–
0.
00

8
–

–
−
0.
01

0
−
0.
00

7
0.
00

3

(0
.0
40

)
(0
.0
27

)
(0
.0
22

)
(0
.0
37

)
(0
.0
27

)
(0
.0
21

)

8.
(N

um
er
ac
y-
IC
T

ta
sk
s)
*C

ol
le
ge

–
−
0.
11
9*

**
–

–
−
0.
08

8*
**

–
–

−
0.
09

5*
**

–
–

–
–

(0
.0
45

)
(0
.0
32

)
(0
.0
27

)

9.
(R
ea
di
ng

-I
C
T

ta
sk
s)
*C

ol
le
ge

–
–

−
0.
18

2*
**

–
–

−
0.
10

4*
**

−
0.
11

2*
**

Task specialization and cognitive skills: evidence from PIAAC and IALS



T
ab

le
2
co
nt
in
ue
d

S
am

pl
e
of

15
co
un

tr
ie
s
co
nd

uc
tin

g
th
e
th
re
e
as
se
ss
m
en
ts

F
ul
l
sa
m
pl
e
of

co
un

tr
ie
s

M
at
h
sc
or
e

-L
ite
ra
cy

sc
or
e

M
at
h
sc
or
e
-

P
S
L
sc
or
e

L
ite
ra
cy

sc
or
e

-
P
S
L
sc
or
e

M
at
h
sc
or
e

-L
ite
ra
cy

sc
or
e

M
at
h
sc
or
e
-

P
S
L
sc
or
e

L
ite
ra
cy

sc
or
e

-
P
S
L
sc
or
e

M
at
h
sc
or
e

-L
ite
ra
cy

sc
or
e

M
at
h
sc
or
e
-

P
S
L
sc
or
e

L
ite
ra
cy

sc
or
e

-
P
S
L
sc
or
e

M
at
h
sc
or
e
-

L
ite
ra
cy

sc
or
e

M
at
h
sc
or
e
-

L
ite
ra
cy

sc
or
e

M
at
h
sc
or
e
-

L
ite
ra
cy

sc
or
e

≤1
0
ye
ar
s
of

w
or
ki
ng

ex
pe
ri
en
ce

>
10

ye
ar
s
of

w
or
ki
ng

ex
pe
ri
en
ce

16
–
55

ye
ar
s
of

ag
e

≤1
0
ye
ar
s
of

w
or
ki
ng

ex
pe
ri
en
ce

>
10

ye
ar
s
of

w
or
ki
ng

ex
pe
ri
en
ce

16
–
55

ye
ar
s
of

ag
e

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

(1
0)

(1
1)

(1
2)

(0
.0
46

)
(0
.0
23

)
(0
.0
26

)

A
ve
ra
ge

nu
m
be
r

of
ob

s.
24

,5
67

22
,7
59

22
,7
59

45
,4
25

36
,6
84

36
,6
84

69
,9
92

59
,4
43

59
,4
43

27
,6
00

53
,3
96

80
,9
96

A
ve
ra
ge

R
sq
ua
re
d

0.
03

5
0.
03

5
0.
03

5
0.
03

5
0.
03

5
0.
03

5
0.
07

3
0.
03

5
0.
04
05

0.
07

3
0.
07

3
0.
07

3

S
ou
rc
e:

P
IA

A
C
.

a T
he

de
pe
nd
en
t
va
ri
ab
le
is
th
e
in
di
vi
du
al
-s
pe
ci
fi
c
pa
ir
w
is
e
di
ff
er
en
ce

be
tw
ee
n
th
e
sc
or
es

in
th
e
nu
m
er
ac
y,

lit
er
ac
y
an
d
pr
ob
le
m

so
lv
in
g
as
se
ss
m
en
ts
,e
ac
h
no
rm

al
iz
ed

by
its

s.
d.

“
N
um

er
ac
y
ta
sk
s”

ta
sk

is
th
e
fr
ac
tio

n
of

al
l
nu

m
er
ac
y
ta
sk
s
th
at

th
e
re
sp
on

de
nt
s
re
po

rt
s
ha
vi
ng

pe
rf
or
m
ed

in
hi
s
or

he
r
jo
b
(c
ur
re
nt

or
la
st
).
T
he

sa
m
e
de
fi
ni
tio

n
ap
pl
ie
s
to

“
R
ea
di
ng
”
an
d
“
IC
T
”
ta
sk
s.
T
he

di
ff
er
en
ce

be
tw
ee
n
tw
o
ta
sk
s
is
th
e
de
gr
ee

of
sp
ec
ia
liz
at
io
n
in

on
e
ty
pe

of
ta
sk
s.
F
or

ex
am

pl
e,

“
nu

m
er
ic

-
lit
”
ta
ke
s
va
lu
e
1
if
th
e
in
di
vi
du

al
pe
rf
or
m
s
al
ln

um
er
ic
ta
sk
s
in

hi
s
or

he
r
jo
b
an
d
no

ne
of

th
e
lit
er
ac
y
on

es
.T

he
di
ff
er
en
ce

in
sa
m
pl
e
si
ze
s
be
tw
ee
n
co
lu
m
n
1,

on
on

e
ha
nd
,a
nd

2
an
d
3,

on
th
e
ot
he
r
is
th
at
P
SL

is
no

t
av
ai
la
bl
e
fo
r
ex
am

s
do

ne
on

pa
pe
r.

b T
he

ad
di
tio

na
l
re
gr
es
so
rs

(n
ot

sh
ow

n)
ar
e:

a
qu
ad
ra
tic

po
ly
no
m
ia
l
of

th
e
nu
m
be
r
of

ye
ar
s
of

po
te
nt
ia
l
w
or
ki
ng

ex
pe
ri
en
ce
,
tw
o
in
di
ca
to
rs

of
th
e
ed
uc
at
io
na
l
le
ve
l
of

th
e

re
sp
on

de
nt

(h
ig
h
sc
ho

ol
an
d
co
lle
ge
),
th
e
in
te
ra
ct
io
n
be
tw
ee
n
ed
uc
at
io
n
an
d
ye
ar
s
of

w
or
ki
ng

ex
pe
ri
en
ce
,
an
d
ag
e
du

m
m
ie
s
(g
ro
up

ed
in

5
ye
ar

ba
nd
s)
.
W
e
al
so

in
cl
ud
e
ni
ne

1-
di
gi
to

cc
up

at
io
n
du

m
m
ie
s,
22

in
du

st
ry

du
m
m
ie
s
an
d
co
un
tr
y
du

m
m
ie
s.
In

ad
di
tio

n,
w
e
in
cl
ud

e
in
te
rc
ep
ts
fo
r
fe
m
al
e,
fo
re
ig
n
bo

rn
,w

he
th
er

th
e
re
sp
on
de
nt

liv
es

w
ith

hi
s
or

he
r

co
up
le
,w

he
th
er

he
or

sh
e
do

es
no

tw
or
k,

w
he
th
er

th
e
ex
am

w
as

do
ne

in
pa
pe
r,
tw
o
du

m
m
ie
s
w
ith

se
lf
-a
ss
es
se
d
he
al
th

st
at
us

an
d
tw
o
in
te
rc
ep
ts
de
no
tin

g
if
th
e
re
sp
on

de
nt

en
jo
ys

le
ar
ni
ng

ne
w

th
in
gs
.

c A
ll

sp
ec
ifi
ca
tio

ns
co
ns
id
er

th
e
se
t
of

10
pl
au
si
bl
e
va
lu
es

(P
V
s)

fr
om

P
IA

A
C

di
re
ct

m
ea
su
re
s
of

sk
ill
s
in

ea
ch

of
th
e
th
re
e
do

m
ai
ns
.
S
ta
nd

ar
d
er
ro
rs

ar
e
ad
ju
st
ed

by
he
te
ro
sc
ed
as
tic
ity

an
d
co
ns
id
er
ed

m
ul
tip

ly
-i
m
pu
te
d
da
ta
.

**
*,
**

,*
ov

er
an

es
tim

at
e
de
no
te

th
at

th
e
es
tim

at
e
is
st
at
is
tic
al
ly

di
ff
er
en
t
fr
om

ze
ro

at
th
e
99

th
,
95

th
an
d
90

th
co
nfi

de
nc
e
le
ve
l,
re
sp
ec
tiv

el
y.

M. Martínez-Matute, E. Villanueva



literacy tasks, workers with basic schooling in jobs that fully specialize in numerical
tasks perform 16% of one standard deviation better in the numeracy test than in the
literacy one. The impact of full specialization in numeric tasks among workers with a
high school degree is obtained by adding the estimate in column 1 row 5 of Table 2
to that in column 1, row 1, and amounts to 9.9%= (0.16–0.061) of one standard
deviation -about 60% of the return for workers with basic schooling.

When we measure the relationship between ICT specialization and problem sol-
ving skills, the results for workers with a basic schooling degree are qualitatively
similar. Relative to workers in jobs with a similar share of numeric and ICT tasks,
those who fully specialize in numeric tasks obtain 24.8% of one standard deviation
higher score in the numeracy test than in the problem-solving one -see column 2, row
2 of Table 2. Finally, basic schooling workers in jobs intensive in reading tasks (and
no ICT tasks) obtain in the literacy assessment an score 33.6% of one standard
deviation higher than in the problem solving assessment -see column 3, row 3 of
Table 2.

In sum, the estimates across columns 1, 2 and 3 (rows 1, 2 and 3, respectively)
suggest that specialization in one type of tasks (say, numeric) increases scores in the
skill domain related to that type of tasks relative to the other two.

A second result to note is that task specialization results in lower differences in the
relative score among workers with either a high school or a college degree. For
example, among workers with a high school degree, those who fully specialize in
numeric tasks (as opposed to ICT ones) obtain a score in the numeracy assessment
that is 11.6% of one standard deviation higher than that in the problem solving one
(0.116 is the difference between the 0.248 estimate in Table 2, row 2, column 2 and
the 0.132 estimate in Table 2, row 6, column 2). The estimate is half that estimated
among workers with basic education (0.248% of one standard deviation).

Heterogeneity by potential experience. We compare the previous results to those
in the sample of respondents with more than 10 years of working experience in 2012.
The rationale is that on-the-job learning and investments are typically more pro-
ductive in the earlier stages of the working life. The link between specialization in
numerical tasks and the relative score in the numerical test is larger for workers at the
beginning of the working experience life with basic schooling: full specialization in
numeracy tasks (as opposed to reading ones) increases the relative numeracy score
by 16.0% of one standard deviation for workers with at most 10 years of work
experience (Table 2, column 1, row 1) and 11.3% of one standard deviation in the
sample for more than 10 years of working experience (Table 2, column 5, row 1).
However, the differences across assessments numeracy relative to problem solving
and literacy vs problem solving do not vary much with potential experience.37

Table 3 conducts various sensitivity analyses of the results in Table 2. Firstly, we
consider the possibility that workers may have qualifications above those required by
their job. The second robustness check examines if the link between task speciali-
zation and cognitive skills is higher among workers in more stable jobs, who pre-
sumably have been doing the reported tasks for a longer period. The third robustness

37 Although not the topic of this study, the numeracy vs literacy results suggest that the possible skill
deterioration documented in previous papers could be explained by differences in the type of numeric vs
reading tasks conducted on the job over the life cycle.
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check excludes the unemployed at the time of the survey to test whether skill
deterioration during non-employment periods affects the results. The fourth robust-
ness check uses the alternative OECD index of task intensity.

While controlling for overqualification or considering samples of only individuals
employed does not substantially vary the results, it is worth noting that the link
between specialization in numerical tasks and a better performance in the numeracy
test is stronger among low-skilled workers with tenures above the mean (the estimate
is 12.8% of one standard deviation for workers with shorter tenures and 19.3%
among those with longer ones). That finding is consistent with the notion that more
time practicing a task increases cognitive skills more. However, tenure varies across
workers in ways that depend on their unobserved ability, so other interpretations are
possible.

4.3 Simple vs advanced tasks

As mentioned above, low-skilled workers conduct mainly simple tasks, so those are
likely to drive the relationship with cognitive skills. Furthermore, under our
assumptions, for workers with higher levels of schooling, the link may be infor-
mative about the degree of sorting in the labor market.

The differential skill return to specialization in basic tasks. Table 4 introduces
individual fixed-effects to examine the relation between specialization in a set of
basic tasks on the job and differential cognitive skills related to that domain. The
results imply that respondents without either a high school or a college degree who
fully specialize in basic numerical tasks score 10.5% of one standard deviation
higher in the numeracy assessment than workers who are equally specialized in
numeric and reading tasks (first column, first row). When we measure the impact of
specialization in numeracy vs ICT tasks on numeracy scores (relative to problem-
solving), the impact is somewhat smaller: 2.8% of one standard deviation, but it is
imprecisely estimated. Finally, workers with basic schooling who specialize in
reading vs ICT tasks obtain a higher score in the reading score than in the problem
solving score (9.8% of one standard deviation, close to the 10.5% estimate in column
1, row 1). The estimate of the impact of specialization in basic tasks on relative
scores varies then between 2.8 and 10.5% among workers with primary schooling,
but taking into account standard errors, we cannot reject the hypothesis that the three
estimates presented in Table 4 are equal in size. This similarity of coefficients among
pairs of skills serves as a check of the implicit assumption that the impact of numeric
tasks on numeracy is similar to the impact of literacy tasks on literacy (see Lavy
(2015), or Martínez-Matute and Villanueva (2020), for a discussion).

To gain precision, column 4 in Table 4 stacks all the previous regressions. That is,
each individual contributes up to three observations: one for each pair of assess-
ments. The coefficient of each pair of tasks on their correspondent assessments are
constrained to be the same, and standard errors are clustered at the individual level to
take into account that observations from the same individual may be correlated. The
coefficient in Table 4, column 4, row 4 is 0.108. This suggests that low-skill workers
in jobs that specialize in one domain of basic tasks (for example, reading vs ICT)
obtain a 10.8% of one standard deviation higher score in the related assessment (for
example, literacy) than in the rest (for example, problem solving).
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Table 4 The impact of task specialization on relative scores (10 or lower than 10 years of working
experience)ab

Sample of 15 countries conducting the three assessments

Difference in normalized scores Numeracy-
Literacy

Numeracy-PSL Literacy-PSL Difference
in scores

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

1. (Numeracy-Reading tasks)basic 0.105** – – –

(0.048)

2. (Numeracy-ICT tasks)basic – 0.028 – –

(0.060)

3. (Reading-ICT tasks)basic – – 0.098* –

(0.057)

4. (Difference in tasks)basic – – – 0.108***

(0.036)

5. (Numeracy-Reading tasks)
basic*High school

−0.053 – – –

(0.053)

6. (Numeracy-ICT tasks)basic*High school – 0.010 – –

(0.060)

7. (Reading-ICT tasks)basic*High school – – −0.091 –

(0.063)

8.(Difference in tasks)basic*High school – – – −0.070*

(0.038)

9. (Numeracy-Literacy tasks)basic*College −0.030 – – –

(0.052)

10. (Numeracy-ICT tasks)basic*College – −0.002 – –

(0.064)

11. (Reading-ICT tasks)basic*College – – −0.103* –

(0.064)

12. (Difference in tasks)basic*College – – – −0.078**

(0.038)

13. (Numeracy-Reading tasks)advanced 0.006 – – –

(0.048)

14. (Numeracy-ICT tasks)advanced – 0.054 – –

(0.076)

15. (Reading-ICT tasks)advanced – – 0.098 –

(0.075)

16. (Difference in tasks)advanced – – – 0.085***

(0.025)

17. (Numeracy-Reading tasks)
advanced*High school

0.016 – – –

(0.052)

18. (Numeracy-ICT tasks)
advanced*High school

– 0.021 – –

(0.080)

19. (Reading-ICT tasks)
advanced*High school

– – 0.019 –

(0.075)

20.(Difference in tasks)
advanced*High school

– – 0.011

(0.027)
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Impacts by school level. Next, we compare the impact of conducting basic tasks
on the job on groups with higher educational levels. In practice, we subtract the
estimate for respondents with high school from that for respondents with basic
school, yielding the impact of specialization in basic tasks on the relative perfor-
mance in the corresponding test for respondents with high school. We do this
exercise using the estimates in Table 4, and using the sample where respondents have
had less time to sort (individuals with less than 10 years of working experience). The
impact of basic tasks on cognitive skills is smaller for high school graduates than for
workers with basic schooling. When we measure specialization in basic tasks using
the three measures as a benchmark (fourth column of Table 4) the impact of among
high school graduates is 3.8% (0.038= 0.108–0.070), subtracting the estimate in row
8, column 4, from that in row 4, column 4, in Table 4.

Table 4 continued

Sample of 15 countries conducting the three assessments

Difference in normalized scores Numeracy-
Literacy

Numeracy-PSL Literacy-PSL Difference
in scores

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

21. (Numeracy-Literacy tasks)
advanced*College

0.090* – – –

(0.049)

22. (Numeracy-ICT tasks)advanced*College – 0.041 – –

(0.075)

23. (Reading-ICT tasks)advanced*College – – 0.041 –

(0.072)

24. (Difference in tasks)advanced*College – – – 0.056*

(0.027)

Average number of obs. 24.567 22.394 22.394 70,135

Average R squared 0.059 0.0485 0.0418 0.060

Source: PIAAC, sample of those with the three assessments (i.e., the sample excludes Italy, France and
Spain).

a. The dep variable is the individual-specific pairwise difference between scores in the numeracy, literacy
and problem solving assessments, each normalized by its s.d.

“Basic numeracy tasks” task is the fraction of all basic numeracy tasks that the respondents reports having
performed in his or her job (current or last). The same definition applies to “Basic Reading” and “Basic
ICT” tasks (See Table 7). The difference between two tasks measures the degree of specialization in one
type of tasks. For example, “basic numeric - basic lit” takes value 1 if the individual performs all numeric
tasks in his or her job and none of the literacy ones. The difference in sample sizes between column 1, on
one hand, and 2 and 3, on the other, is that PSL is not available for exams done on paper.

b. The additional regressors (not shown) are: an interaction a quadratic polynomial of the number of years
of potential working experience, two indicators of the educational level of the respondent (high school and
college), the interaction between education and years of working experience, and age dummies (grouped in
5 year bands). We also include nine 1-digit occupation dummies, 22 industry dummies and country
dummies. In addition, we include intercepts for female, foreign born, whether the respondent lives with his
or her couple, whether he or she does not work, whether the exam was done in paper, two dummies with
self-assessed health status and two intercepts denoting if the respondent enjoys learning new things

***,**,* over an estimate denote that the estimate is statistically different from zero at the 99th, 95th and
90th confidence level, respectively. Sd.e. account for heteroscedasticity and, in column 4, for arbitrary
correlation within the observations of the same individual
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Overall, although point estimates vary with the definition of specialization, Table 3
suggests that the cognitive skill returns to specializing in basic tasks for workers with
either high school or college degree are between non-significant and 40% of those we
find among respondents with basic schooling. The result is consistent with the notion
that learning through basic tasks on the job increases the skills of respondents with
basic schooling.

4.4 Gender

We analyze in Table 5 separate impacts by gender.38 To achieve precision, we proceed
as in Table 4, column 4, and stack the three measures for each individual (the three
pairwise differences between numeracy, literacy and problem solving scores) and regress
them on the corresponding pairwise difference in the associated tasks. Interestingly, the
patterns we detected in Table 4 are more pronounced for females than for males.

Firstly, among low-skill men, those who specialize in basic tasks obtain a relative
score in that domain 7% of one standard deviation higher than low-skill males in jobs
with an even distribution of tasks. The standard error is 5% of one standard deviation,
so the estimate is not significantly different from zero. The corresponding estimate
for low-skill females is twice as large: 14.7% of one standard deviation (standard
error: 4.8%).

Table 5 The impact of task specialization on relative numeracy, literacy and problem solving, by gender

Difference in normalized scores 10 or less years of
experience

Full sample

Males Females Males Females

(Difference in tasks)basic 0.072 0.147*** 0.075*** 0.090***

(0.052) (0.048) (0.029) (0.025)

(Difference in tasks)basic*High school −0.022 −0.118** 0.012 −0.061**

(0.057) (0.054) (0.032) (0.028)

(Difference in tasks)basic*College −0.035 −0.136*** −0.035 −0.064**

(0.058) (0.052) (0.035) (0.028)

(Difference in tasks)advanced 0.035 0.149* 0.064** 0.082**

(0.050) (0.077) (0.027) (0.038)

(Difference in tasks)
advanced*High school

0.0043 −0.068 0.008 0.001

(0.054) (0.076) (0.030) (0.038)

(Difference in tasks)advanced*College 0.086 −0.013 0.067** 0.053

(0.052) (0.076) (0.027) (0.038)

Average number of obs. 32,344 39,177 89,223 99,765

Average R squared 0.060 0.060 0.059 0.059

Source: PIAAC. Sample of 15 countries exclude SP, IT and FR. Single-group sample is referred to a
sample with individuals of the same education level.

Estimations are only referred to basic, high-school or college individuals. Estimations are different by type
of tasks and normalized scores.
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Secondly, and as it was the case in Table 4, the response of differential scores to
the variation in specializing in basic tasks is stronger for low-skill females than for
women with a high school or a college degree. Among females with a high school
degree, those who work in jobs where they fully specialize in a basic task (say,
numeric) obtain a score in that domain (numeracy) 2.9% higher than females in jobs
with a balanced set of tasks. The estimate is five times smaller that of low skill
females.

The finding that the relationship between task specialization and scores is stronger
for low-skill females than for low-skill males suggests that all our results cannot be
entirely driven by sorting. Men tend to accumulate more working experience in the
labor market. Hence, they might be more exposed to selection.

4.5 The magnitude of the estimates

The estimates become larger when we focus on the low working experience sample.
This sample is specially interesting as workers with 10 or less than 10 years of
potential experience have had less time to select into jobs more akin to their char-
acteristics. The raw estimate of full specialization on the relative performance in the
numeracy test among basic schooling respondents is 10.8% of one standard deviation
(fourth row of column 4 in Table 4). For respondents with a high school degree, the
impact of specialization in basic tasks is 3.8% (obtained by subtracting the 0.07
differential impact among respondents with a high school degree in column 4, row 8,
in Table 4 from the main impact of 10.8 in column 4, row 4). The return to spe-
cialization in basic tasks on their jobs for respondents with a college degree is 2.8%
of one standard deviation (obtained by subtracting the 0.078 impact in column 4, row
12, in Table 3 from the main impact of 10.8).

Hence, under the assumption that the return to specializing in basic tasks for
respondents with a high school or college degree basically measures sorting, we can
apply equation (4) obtaining that workers with basic schooling who fully specialize
in a set of basic tasks on a job perform around a 7% of one standard deviation better
on the assessment relative to a worker with a balanced set of tasks. The remaining
3.8% (i.e., the difference between 10.8% shown in Table 4, row 4, and 7% shown in
Table 4, row 8) would measure sorting in the labor market. We conduct now some
back of the envelope calculations comparing our estimates to existing work ana-
lyzing how cognitive skills vary with formal education.

We do not have information on all tasks performed in all jobs during the working
history of a worker, so we cannot establish if workers conducted numerical or other
tasks in their current job only or during their complete working lives. Hence, we
make the assumption that workers conducted numerical or literacy tasks during 4.8
years of experience, i.e. the average number of years worked among respondents
with less than 10 years of potential experience. That conservative assumption implies
that one year of conducting basic numeric tasks increases numeracy skills by
between 1.46% (=7/4.8) and 2.25% (=10.8/4.8) of one standard deviation.

A caveat is that less than half of the workers with basic schooling conduct basic
tasks (see Figure 1a). Assuming that 30% of workers with basic schooling conduct
basic tasks on their jobs, the estimate of the impact of one year of experience on
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numeracy skills would be between 0.44% (=1.46*0.3) and 0.75%(=2.25*0.3) of one
standard deviation.

To provide some sort of a benchmark, Hanushek et al. (2015) estimate that, in the
United States, increasing compulsory education by one year increases skills by
between 2.7% and 2.9% of one standard deviation. Hence, one extra year of
schooling would be equivalent to between 1.3 (=2.9/2.25) and 2 years (=2.9/1.46) of
on-the-job learning. If one takes into account that not all workers with basic
schooling end up in a job involving basic tasks, one extra year of schooling would be
equivalent to between 3.9 (=2.9/0.75) and 5.2 (=2.9/0.44) years of experience.

4.6 Evidence from synthetic cohorts

An alternative way of controlling for possible sorting in the labor market examines
how cohort-level changes in the reading content of jobs relate to cohort level changes
in literacy. As mentioned above, cohort-level changes in the reading content of a job
are unlikely the result of individual sorting across jobs.

Figure 3 present cohort-level measures of the use of literacy tasks on the job in
both assessments. This is shown for non-college workers in selected countries in the
sample. The (frequency-adjusted) use of reading skills either increases to or stays
constant around 40% between ages 25 and 40 (there are mild decreases in Canada
and Finland). Between the ages 40 and 55, there is a great deal of heterogeneity, but
typically the increase in the use of reading skills was milder between those ages than
between 25 and 40 (see for example, Canada, Denmark, Sweden or Norway). We use
that heterogeneity in life-cycle profiles across cohorts to identify the response of
literacy scores to the use of reading skills.

The first row in Panel A of Table 6 shows that, among cohorts with basic edu-
cation, an increase of 100% in the time devoted to reading tasks on the job increases
scores in the literacy assessment by 80% of one standard deviation (standard error:
32% of one standard deviation). Once we account for the initial level of tasks
performed on the job by the cohort in 1994, the estimate increases slightly to 83.4%
of one standard deviation. Finally, controlling for the increase between 1994 and
2012 in the time devoted to math tasks the estimate stays stable at about 78% of one
standard deviation (column 3). The latter result is reassuring, as it implies that it is
precisely the increase in time devoted to reading tasks the factor behind the life-cycle
increase in literacy tasks. The time devoted to numeracy tasks has little explanatory
power.

On the other hand, it could be expected that the amount of time devoted to reading
tasks in 1994 would explain cohort-level growth in literacy scores. The results do not
support the view, as the coefficient is small and not statistically significant. A pos-
sible explanation is that reading tasks have increased substantially over the life cycle,
diminishing the role of initial value.

The estimates in columns 2 and 3 of Table 6 imply that workers with primary
schooling who increased their time to reading- or writing-related tasks on the job
over the period increased their literacy scores by between 73% (Table 6, first row,
column 3) and 83% of one standard deviation (Table 6, first row, column 1).
Dividing by 18 years of experience results in an estimate of 80/18=4% of one
standard deviation per year.
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We can compare those estimates to those in the Table 4, row 4, column 4, that are
about 10.8%. The average actual experience of individuals with 10 years of
experience at most is 4.8 years. Hence the fixed-effect estimate suggests about 2.25
(=10.8/4.8) percent of one standard deviation per year. While estimates using syn-
thetic cohorts are larger than those using worker-fixed effects is larger than the
worker-fixed effect one, both estimates are not incompatible -specially if one takes
into account that we do not know in PIAAC during how long were reading tasks
acquired on the job.

Overall, the evidence from the synthetic cohort analysis is broadly consistent with
the one found in PIAAC. We find this remarkable, given the very different set of
assumptions involved in each procedure.

5 Conclusions

Cognitive skills account for a substantial share of the variation in labour market
outcomes. This paper studies how on-the-job learning contributes to the acquisition
of numeracy, literacy and problem-solving skills in eighteen OECD countries that
implemented the PIAAC survey, focusing on individuals with low levels of
schooling.

We use two empirical strategies. Firstly, we control for individual fixed effects by
analyzing how the relative performance in numeracy, literacy and problem solving
assessment vary with the differential exposure to numeracy, literacy and problem-
solving tasks on-the-job. Our preferred estimates suggest that, among individuals
with at most compulsory schooling, full specialization in basic numerical tasks
increases the relative numeracy score by between 7% and 11% of one standard
deviation. A second strategy uses repeated cross-sections of cognitive assessments to
study how cohort-level changes in the reading content of jobs correlate with literacy
scores. An interpretation of our results is that formal schooling and on-the-job
learning are imperfect inputs in human capital production for workers with low levels
of education.

Our findings have some implications for the design of active labour market
policies. Firstly, cognitive test scores could be a good predictor of human capital that
could indeed be easily checked for all unemployed. Secondly, specific tasks on-the-
job might contribute to increase cognitive skills for low educated individuals. While
the tentative rate of return to on-the-job training that we have estimated is between
half and a fourth of that of formal schooling, the costs of increasing school

Fig. 3 Fraction of time using reading tasks over the life cycle, evidence from IALS and PIAAC. Source:
combined IALS (1994) and PIAAC (2012) samples of workers without a college degree. IALS asks
respondents who worked in the last 12 months if they read letters or memos, reports, articles or manuals,
wrote letters and reports or articles. We select a similar sample of individuals working in the last 12 months
in PIAAC. The Figure includes cohorts born between 1940 and 1979, as they would still be below 65 years
of age eighteen years at the time of the PIAAC assessment (2012). We aggregate observations in cells
defined by 10-year birth cohorts,schooling level, gender and country. We assign the IALS and PIAAC
measurements of the 1940-1947 cohort to 55 and 65, respectively (shown for completeness, not used in
regresssions). We assign to the 1950–1959 cohort the ages of 40 and 55, respectively. We assign the ages
to the 1960–1969 cohort to 25 years in PIAAC (the average would be 30) and 55 in IALS (the average age
would be 47). The 1970–1979 cohort is available in PIAAC only
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Table 6 The impact of cohort-level changes in reading tasks on cohort-level changes in literacy scores

Dependent variable: (Literacy score PIAAC 2012−
Literacy score IALS 1994)

Basic school sample (1) (2)= (1)
+level 1994

(3)= (2)+
numeric tasks

1. (Fraction of time in basic reading tasks
2012)− (Fraction of time basic reading
tasks 1994)

0.806** 0.835* 0.781*

(0.318) (0.429) (0.420)

2. (Fraction of time basic numeric tasks 2012)
− (Fraction of time basic numeric tasks 1994)

– – 0.129

(0.399)

3. Fraction of time basic numeric tasks 1994 – 0.001 0.001

(0.001) (0.001)

Constant −0.274*** −0.287* −0.308*

(0.086) (0.171) (0.186)

R-squared 0.911 0.911 0.911

High school sample

4. (Fraction of time basic reading tasks 2012)
- (Fraction of time basic reading tasks 1994)

0.149 0.025 0.093

(0.404) (0.753) (0.892)

5. (Fraction of time in basic numeric tasks
2012) - (Fraction of time in basic numeric
tasks 1994)

– – −0.083

(0.347)

6. Fraction of time basic numeric tasks 1994 – −0.001 −0.001

(0.001) (0.001)

Constant −0.359*** −0.278 −0.283

(0.070) (0.498) (0.515)

College sample

7. (Fraction of time in basic reading tasks
2012) - (Fraction of time basic reading
tasks 1994)

0.198 0.899 0.736

(0.326) (0.620) (0.870)

8. (Fraction of time basic numeric tasks 2012)
- (Fraction of time basic numeric tasks 1994)

– – 0.195

(0.596)

9. 3. Fraction of time basic numeric
tasks 1994

– 0.001 0.001

(0.001) (0.001)

Constant −0.239*** −0.890* −0.894

(0.058) (0.511) (0.519)

Source: Pooled IALS(1994) and PIAAC (2012) samples, cohorts born between 1960 and 1969 and 1950
and 1959. Specification (1) includes country dummies, dummies of the 1940–1950 cohort and an indicator
of gender. The omitted country dummy is the US. Observations in each panel:50 cells = (2 cohorts x 2
genders x 13 countries) minus 2 cells with less than 10 cases.
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attendance for prime aged workers may be substantial. Thirdly, the amount of on-the-
job learning is determined by jobs requirements, which vary greatly across sectors.
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