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ABSTRACT 
 

Permanent Jobs, Employment Protection and Job Content* 
 
Using Programme for the International Assessment of Adult Competencies (PIAAC) data for 
21 countries, I study the impact of employment protection laws (EPL) on job content. 
Economic theories predict that stricter protection increases workers’ willingness to make firm-
specific investments. These theories also predict that stricter protection leads firms to raise 
their hiring and promotion standards for permanent jobs. Both of these mechanisms predict 
higher levels of job content in permanent than in temporary jobs; further, it is predicted that 
stricter EPL increases the gap in job content between permanent and temporary jobs due 
both to workers’ investments and firm hiring standards. I found support for both sets of 
predictions. First, in almost all cases, workers’ self-reported use of influence, reading, writing, 
planning, numeracy and ict skills, and their task discretion, were higher in permanent than in 
temporary jobs. Second, stricter EPL raised the gap in job content for influence, reading, 
writing and planning skills used in permanent jobs vs. temporary jobs, controlling for industry, 
occupation and human capital. This finding suggests that workers are making firm-specific (or 
perhaps occupation- or industry- specific) investments that raise their productivity levels and 
thus warrant higher level job content. These effects became larger when I did not control for 
industry, occupation, government employment, and human capital variables including 
schooling, actual labor market experience, cognitive test scores and nativity status. The 
larger effects of EPL without these controls provide some indirect support for the idea that 
EPL leads firms to raise their hiring standards. 
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I.  Introduction 
 

 Over the last three decades, economists have devoted considerable attention to studying 

the impact of employment protection laws (EPL) on a variety of labor market and 

macroeconomic outcomes.  These include overall unemployment, productivity, labor market 

dynamism, labor market segmentation, and wage inequality.  Laws making it expensive or 

administratively cumbersome to fire workers have been said to reduce incentives for job 

creation, possibly leading to high levels of unemployment in some European countries (OECD 

2004).  On the other hand, by reducing firms’ incentive to lay workers off, such laws may deter 

one source of unemployment—job loss.  The overall impact of such laws on the average level of 

labor demand may thus be theoretically ambiguous (Bertola 1992).   

 Microeconomic research on the impact of EPL has studied their effects on labor market 

flows as well as firm hiring decisions.  By deterring hiring and firing, EPL are said to reduce 

labor mobility, possibly reducing overall labor productivity by deterring labor reallocation 

(Bentolila and Bertola 1990).  On firm hiring, economists have emphasized that stronger EPL 

leads firms to raise their standards before hiring or promoting workers into permanent jobs 

(Blanchard and Landier 2002).  These laws may thus increase the concentration of new entrants 

into temporary jobs, from which employers can fire workers with relatively little penalty (Kahn 

2007). 

 In this paper, I study a further consequence of EPL’s impact on hiring and promotion 

standards for permanent jobs.  Specifically, by leading firms to raise their hiring and promotion 

standards for entry into permanent jobs, EPL may indirectly lead firms to assign higher-level 

skilled tasks to these workers to a greater degree than otherwise would be the case.  Such tasks 

include communicating with or influencing the work of other employees, and also may involve a 

higher level of autonomy or self-supervision than otherwise.  These higher-level tasks have been 

emphasized in recent discussions of the polarization of the labor market, in which the demand for 
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routinized, middle-level tasks has fallen relative to the higher level tasks and the nonroutine 

manual tasks (Acemoglu and Autor 2011).   

EPL can lead firms to assign higher level tasks to their permanent workers through 

several mechanisms.  On the one hand, EPL may lead firms to hire more skilled workers for 

permanent jobs than otherwise, and worker skill and higher level tasks may be complements.  On 

the other hand, taking on higher level tasks may require the worker to make firm-specific 

investments.  Having the employment stability that is a result of EPL may increase workers’ 

willingness to make such investments.  In the absence of EPL, firms might not provide 

employment security out of concerns of adverse selection (Levine 1991) or because of 

difficulties in observing employees’ effort levels (MacLeod and Nakavachara 2007). 

 In this paper, I use data from the Programme for the International Assessment of Adult 

Competencies (PIAAC) microdata base to study the relationships among permanent 

employment, temporary employment, EPL, and the task content of jobs.  The PIAAC contains 

information on individual workers’ job content, including self-reported measures of the degree to 

which their jobs require higher level content such as reading, writing, influencing other workers, 

task discretion, planning, numeracy skills, and information and computer technology skills.  In 

addition, the data include measures of worker cognitive skills, schooling, actual labor market 

experience, industry and occupation, permitting a detailed control for measured worker ability.  

Moreover, the data include information on the type of employment contract one has, specifically, 

whether it is a temporary or a permanent contract.  A key implication of economic theories of 

permanent employment is that workers on permanent jobs will be given higher level tasks than 

those on temporary jobs.  Moreover, this gap should be wider the more strict employment 

protection mandates are, due to the higher promotion/hiring standards into permanent jobs that 

such mandates cause. 

 These predictions are borne out in the PIAAC data.  First, in virtually every country, 

those on permanent jobs perform considerably higher level tasks than those on temporary jobs, 

even after controlling for cognitive skills, nativity, experience, schooling, industry and 
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occupation.  Second, a country’s unexplained gap in the incidence of such tasks between 

permanent and temporary jobs is significantly positively related to the OECD’s measure of 

employment protection strictness, even controlling for other national institutions such as 

collective bargaining coverage and product market regulation.  Thus, EPL may accelerate the 

polarization of the labor market both by increasing the demand for higher level job tasks and by 

creating a larger gap than otherwise between the job content of permanent and temporary jobs. 

 

II. Previous Research on the Impact of Employment Protection on Productivity and This 

Paper’s Contribution 

 

 Previous research on the impact of EPL on productivity has emphasized several routes 

through which these laws can affect firm performance.  First, some have argued that because 

employment protection can discourage both job destruction and job creation, EPL reduces labor 

market dynamism (Micco and Pagés 2006).  This effect has been found to reduce productivity 

growth, as EPL hinders the labor market’s adjustment to changing relative demands and 

supplies.  Specifically, Bassanini, Nunziata and Venn (2009) studied an international panel of 

industries from 1982-2003 for 16 OECD countries and found that EPL reduced both total factor 

productivity growth and total labor productivity growth in volatile industries—those with high 

US layoff rates, where EPL is expected to be binding.   

Second, some have studied the impact of EPL on productivity levels, an outcome related 

to but distinct from growth in productivity.  For example, EPL has the potential to raise labor 

costs.  This outcome can occur if EPL involves some wasted expenses (from the point of view of 

workers and firms) on compliance costs such as legal fees and administrative costs.  However, 

where EPL involves mandated severance pay, it is possible that wages will adjust downward to 

fully compensate for the costs EPL imposes (Lazear 1990).  But if wages aren’t free to fully 

adjust, then EPL can in principle raise labor costs even where it only mandates severance pay 

(Belot, Boone and van Ours 2007).  In this case, we expect substitution of capital for labor in the 
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long run.  Labor productivity would rise but total factor productivity would fall, since firms 

would have chosen less efficient production techniques as a result of the rise in labor costs.  

Autor, Kerr and Kugler (2007) test these predictions across US states where different states 

provide differing rights for workers to sue for wrongful discharge.  In a panel of states, where 

such rights were enacted at different times, Autor, Kerr and Kugler (2007) find support for both 

of these predictions.  Having the right to sue for wrongful discharge leads to higher labor 

productivity but lower total factor productivity. 

While the research just mentioned that studies productivity growth or levels suggests that 

EPL may lead to efficiency losses, there is another strand of research that implies a role for EPL 

in alleviating some information-based market failures.  Economists following this line of 

reasoning have suggested that in the typical workplace, efficiency can be enhanced if employees 

make firm-specific investments.  However, since such investments may not be observable, it may 

not be possible to write contracts rewarding workers for making them.  Moreover, if workers 

don’t have job security, they may be reluctant to make investments since they will be lost upon 

discharge from the firm (MacLeod and Nakavachara 2007).  While firms in these circumstances 

may have an incentive to offer job security even without EPL, there are several reasons why the 

voluntary level of security may be inefficient.  First, if one firm offers job security, it is likely to 

attract the workers who would anticipate the highest probability of being fired in the absence of 

job security.  This kind of adverse selection could deter firms from offering job security, and 

EPL could under these circumstances be efficiency-enhancing (Levine 1991).  Second, a firm 

might not be able to credibly offer an assurance of only just cause dismissals because workers 

can’t verify which dismissals may be justified and which ones might not (MacLeod and 

Nakavachara 2007).  Mandated protection against unjust dismissals can therefore have allocative 

effects and could enhance labor market efficiency.  Third, as noted earlier, if wages can’t adjust 

downward, then a firm might be deterred from offering as full a promise of job security as would 

be optimal from a social point of view (Belot, Boone and van Ours 2007). 
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MacLeod and Nakavachara (2007) reason that worker investments in firm-specific skills 

are more likely to occur in more highly skilled occupations than in less-skilled jobs.  The authors 

use the variation across US states in the right to sue over unjust cause dismissals to conclude that 

these rights raise firms’ use of technologies using higher-skilled workers.  This result provides 

some indirect support for the reasoning outlined above. 

This paper’s framework is in the same spirit as the research just described in which EPL 

is predicted to or found to change firms’ production techniques.  Specifically, I use recently-

collected PIAAC data on individuals from 21 countries to study the impact of EPL on job 

content.  The PIAAC collected information on characteristics of individuals’ jobs such as the 

degree to which they influence others’ work, the degree of autonomy they have, and their use of 

planning, reading, writing, mathematics and information and computer technology.  These 

aspects of job content are very likely to be positively correlated with the kind of firm-specific 

investments emphasized in the literature on EPL.  Much of the economic literature on job content 

assigns the occupational averages of job tasks to individuals based on the occupation they report 

(e.g. Autor and Acemoglu 2011).  In contrast, the PIAAC contains information on individuals’ 

own job content and thus may suffer less from errors than using occupational averages would 

entail, subject of course to individuals’ errors in reporting their job content.  The PIAAC also 

collected detailed information on workers’ cognitive skills and actual labor market experience, 

two important measures of worker skills that most data sets have no information on.  Moreover, I 

note that in OECD countries permanent and temporary jobs usually differ greatly in the degree to 

which workers have job security.  Thus, within a country, it may be useful to compare the job 

content of permanent and temporary jobs, and the research above implies that those on 

permanent jobs will engage in the types of tasks just mentioned to a greater degree than those on 

temporary jobs, other things equal.  Further, as discussed below, the gap between the job content 

of permanent and that of temporary jobs is expected to be greater the more strict EPL is with 

respect to permanent employment.   
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 The literature on the impact of EPL, hiring standards, and firm-specific investments 

suggests several routes through which EPL can affect job content.  First, MacLeod and 

Nakavachara’s (2007) model implies that for a given worker in a given industry and occupation, 

greater employment protection will lead to more firm-specific investments by that worker.  This 

prediction implies that the EPL will raise the gap in job content between permanent (i.e. 

protected) and temporary jobs (i.e. less protected) controlling for individual worker skills, 

industry and occupation.  Second, to the extent that EPL raises labor costs, it can be expected to 

affect the industry-occupation mix of a country, since some industries and occupations are likely 

to be more prone to dismissals in the absence of EPL than others.  This reasoning implies that the 

full effects of EPL on observed job content will not be accounted for if one controls for industry 

and occupation.  Third, Blanchard and Landier’s (2002) model of hiring and promotion standards 

implies that EPL will raise the standards firms will use in granting permanent employment 

status.  These higher productivity individuals will be likely to be given higher level tasks.  For 

example, workers who are more literate are likely to be more productive on tasks that involve 

writing reports and communicating with others than workers who are less literate.  This model 

implies that controlling for worker human capital characteristics such as schooling, experience 

and cognitive ability may also understate the full impact of EPL on the relative levels of job 

content in permanent vs. temporary jobs and thus dualism in the labor market.  One can 

potentially gain insight on these routes of impact of EPL on job content by comparing empirical 

models that control for industry, occupation, and human capital characteristics and ones that 

don’t.  In the empirical work described below, I conduct such a comparison. 

 

III.  The PIAAC Database 

 I use the PIAAC microdata base to study the impact of EPL on job content.  The data 

collection was supervised by the OECD; the surveys were conducted from August 2011 to 



7 
 

March 2012 and cover a cross-section of 24 countries.1  Of these, I am able to use 21 countries 

which have data available on key explanatory and dependent variables:  Australia, Austria, 

Belgium, Britain, Czech Republic, Denmark, Estonia, Finland, France, Ireland, Italy, Japan, 

Korea, Netherlands, Norway, Poland, Russia, Slovak Republic, Spain, Sweden, and the USA.  

The PIAAC is distinctive for having detailed measures of cognitive ability that come from tests 

that allow international comparisons.  Cognitive ability in three areas is measured:  i) Literacy; 

ii) Numeracy; iii) Problem-solving in technology-rich environments.  The OECD used Item 

Response Theory to construct plausible values for each of these types of cognitive ability 

measures based on respondents’ answers to questions (OECD 2013b, Chapter 17).2   

In addition, the database includes self-reported measures of the following relevant aspects 

of job content:  i) influence over others at work; ii) task discretion; iii)  use of reading at work; 

iv)  use of writing at work; v) extent of planning at work; vi) use of numeracy skills at work; vii) 

use of information and computer technology skills at work.  These measures were created by the 

OECD based on individuals’ answers to questions about job content and are scaled so that the 

overall sample mean across countries is 2.0 and variance is 1.0 (OECD 2013a, p. 143).  The 

types of activities and skills that make up these categories of job content are listed in Table 1. 

One concern about the international data is that there may be country-specific differences 

in the way people take tests or respond to questions about job content.  To some degree the 

effects of these possible differences will be alleviated by comparing permanent and temporary 

jobs within each country.  In addition to the data on job content, the PIAAC collected 

information on one’s type of employment contract—i.e., temporary or permanent.  In my basic 

analyses, I keep only those with permanent or fixed term contracts, thus deleting observations for 

apprentices, those working for a temporary work agency and those with no contract.  However, 

                                                           
1 For further description of the PIAAC data, see OECD (2013a, b and c) and Hanushek, Schwerdt, Wiederhold, and 
Woessmann (2015). 
2 The OECD produced 10 plausible values for each cognitive skill, and I use the first plausible value in each case, 
following Hanushek, Schwerdt, Wiederhold, and Woessmann (2015). 
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when I included those working for a temporary work agency and coded them as having 

temporary jobs, the results were very similar. 

 In addition to the basic cognitive skill and job content information, the PIAAC measures 

actual labor market experience, unlike most publicly-available, nationally-representative data 

bases.  This variable has been found to be especially important in understanding gender 

differences in labor market outcomes, since women tend to have more interrupted careers than 

men do (Mincer and Polachek 1974; O’Neill and Polachek 1993; Blau and Kahn 1997).  The 

PIAAC also has basic demographic information such as age, nativity, gender and schooling, as 

well as a set of indicators for government employment, occupation and industry.  For each 

country, I include measures of EPL strictness, collective bargaining coverage, and entry 

regulation, which I take from the data assembled by Hanushek, Schwerdt, Wiederhold and 

Woessmann (2015) and from Venn (2009).  My main focus will be on the impact of EPL on the 

difference in job content between those in permanent jobs and those on temporary jobs. 

 

IV.  Sample Characteristics of the PIAAC 

  

Table 2 contains mean values of key job content and explanatory variables displayed 

separately by employment contract type.  The Table aggregates the 21 countries and uses 

adjusted sampling weights in which each country is given equal weight.  Appendix Tables A1 

and A2 show data separately by country.  The PIAAC restricts the sample to ages 16-65, and I 

use that restriction in this paper.  In Table 2, I first show descriptive statistics for men and 

women pooled and then separately by gender.  Job content variables include the use of reading, 

writing, numeracy or information technology skills, as well as the level of influence on other 

people’s work, the degree of task discretion, the use of planning, the use of numeracy skills, and 

the use of information and computer technology skills.  In each case, permanent jobs exhibit 

higher levels of these skills and tasks on average than temporary jobs, in line with the reasoning 

about firing costs discussed above.  The average gap in these skills and tasks between permanent 
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and temporary jobs ranges from 0.0689 (influence) to 0.1891 (task discretion) standard deviation 

units.3   

To assess the magnitude of these differences, I use log hourly earnings regressions to 

attach dollar values to differences in job content.  The purpose of the regressions isn’t to estimate 

a causal relationship between exogenously changing job content and an individual’s wages.  

Rather, the goal is to translate differences in job content into job value differences.  These value 

differences could come about either due to additional training needed to do a job with, for 

example, one standard deviation more task autonomy.  Alternatively, the value differences could 

be caused by higher hiring standards necessitated by increasing the task autonomy of a job.  I 

estimated regressions pooled by gender and country of log hourly earnings (in U.S. purchasing-

power-parity currency units) of the following form: 

 

(1) ln w=a0 + a1female + a2influence + a3reading + a4writing + a5(task autonomy) 

  +a6planning + a7numeracy + a8ict + dj + B’X +u, 

 

where for each individual in country j, w is hourly earnings, female is a female dummy variable, 

influence-ict are the individual’s job content measures for influence, reading, writing, task 

autonomy, planning, numeracy and information and computer technology skills respectively, dj 

is a country effect, X is a vector of controls, and u is a disturbance term.4   

 In equation (1), the X vector includes years of schooling, actual labor market experience 

and its square, numeracy and literacy test scores, and an immigrant dummy.  Thus, equation (1) 

in effect computes prices of job content variables controlling for measured human capital and 

demographic characteristics.  I also estimated (1) excluding the X variables.  By excluding X, we 

can assess the gross value differences associated with different jobs, part of which may come 

about through the hiring of better-qualified workers.  I don’t control for industry and occupation 

                                                           
3 Recall that the job content variables have been scaled to have variance equal to 1.0. 
4 In the analysis of wages, I only keep observations with hourly earnings greater than or equal to $2 and less than or 
equal to $500. 
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in (1) because, for example, increasing from minimal to maximal use of information and 

computer technology skills is likely to entail a different occupation and possibly even a different 

industry.  Finally, in (1) I cluster the standard errors by country. 

 The results of the wage regressions are shown in Appendix Table A3.  When I don’t 

control for human capital variables and the immigration indicator, the wage coefficients of the 

job content variables are all positive, with four of the seven highly statistically significant 

(influence, reading, task discretion, and ict).  Controlling for human capital and immigration 

status, the effects are positive six of seven times, with a small and insignificantly negative 

planning coefficient.  Four of the six positive coefficients remain significant.  However, 

controlling for human capital and immigration status leads to generally smaller coefficients, 

suggesting that when a firm increases the skill of its jobs, it hires more skilled workers as well.  

Schooling, experience, numeracy test score, literacy test score and being male all, not 

surprisingly, are associated with higher wages. 

 I now use the wage regression coefficients in Appendix Table A3 to assess the 

differences in the value of permanent and temporary jobs based on their differences in job 

content.  To accomplish this, I compute the following sum: 

 

(2) b2(influencep-influencet)+b3(readingp-readingt)+b4(writingp-writingt)+ 

b5(task autonomyp-task autonomyt)+b6(planningp-planningt)+b7(numeracyp-numeracyt) 

+b8(ictp-ictt) 

where b2-b8 are respectively the estimated values of a2-a8 and p and t subscripts signify the 

sample mean of the indicated job content variables for permanent and temporary jobs 

respectively. 

 Computing expression (2) for the two specifications of the wage regression, I find that on 

average in the PIAAC sample, the differences in job content between permanent and temporary 

jobs are associated with 0.0207 log points higher wages controlling for human capital and 

immigration status and 0.0353 log points not controlling for these factors, and both of these 
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effects are statistically significant at much better than the 1% level.  Thus, higher level jobs are 

indeed associated with more favorable human capital characteristics.  Of course, permanent jobs 

typically have a much longer duration than temporary jobs, so these hourly earnings differences 

will become magnified over time into larger income differences. 

Looking at the other differences between worker characteristics on permanent vs. 

temporary jobs, we see that years of schooling are comparable.  However, permanent jobs are 

less likely to be staffed by immigrants than temporary jobs are.  Moreover, workers on 

permanent jobs have on average 5.2 years’ more actual experience than workers on temporary 

jobs, and temporary jobs are disproportionately staffed by women.  Similar demographic 

differences have been found in earlier work on temporary vs. permanent employment (Kahn 

2007).5  Workers on permanent jobs have slightly higher numeracy and literacy test scores than 

workers on temporary jobs; however, the reverse is true for problem-solving skills.  Moreover, 

permanent jobs are disproportionately in managerial, professional and technical occupations, 

while temporary jobs are more likely to be found in clerical/sales/service or blue collar 

occupations.  Overall, then, permanent jobs are higher-level than temporary jobs. 

These patterns are qualitatively similar when the sample is stratified by gender, as shown 

in Table 2.  However, there is a larger gap in job content and skills between permanent and 

temporary jobs among men than among women.  For example, the gap for men is larger in each 

of the job content variables than for women except for use of numeracy skills, where the 

permanent-temporary gap is about 0.14 standard deviations for men and for women.  Further, 

among men, workers on permanent jobs have about 0.13 more years of schooling than those on 

temporary jobs, while among women, temporary workers actually have 0.21 more years of 

schooling.  And test scores are higher for permanent than temporary workers among men; 

however, among women, temporary workers have slightly higher literacy and problem solving 

skills than permanent workers.  Moreover, while among women, permanent workers have higher 

numeracy scores than temporary workers, the gap is larger for men.  It is possible that these 

                                                           
5 Kahn’s (2007) data didn’t have information on experience but did have age data. 
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gender differences reflect the fact that the temporary workers are younger, and women’s 

education has been rising relative to men’s across the OECD (Goldin, Katz and Kuziemko 2006). 

As noted, Appendix Tables A1 and A2 show information on job content and worker 

characteristics separately by country.  The patterns are similar to those in Table 1 with two 

important exceptions:  Australia and the United States.  In contrast to virtually all of the other 19 

countries for which we have complete data, in the United States and Australia, temporary jobs 

involve more reading, writing, and influence on others than permanent jobs; and temporary jobs 

in the United States call for more planning than permanent jobs do.  Moreover, temporary 

workers in the United States and Australia have more education, higher test scores, and are more 

likely to be in professional or technical positions than permanent workers, again in contrast to 

almost all of the other countries; again in contrast to the other countries, temporary workers in 

the United States have more work experience than those on permanent jobs.   

Part of these differences between the United States and Australia on the one hand and the 

other countries may stem from the fact the United States has the weakest employment protection 

on permanent jobs, and Australia has the fourth weakest employment protection levels in our 

sample, making permanent jobs them less secure than in the other countries.  In addition, the 

flexibility of the U.S. labor market—i.e., its relative lack of regulation—allows even high level 

jobs to be designed on a temporary basis.  Workers may be willing to take such jobs in return for 

a chance to be hired into regular positions after having been screened in temporary jobs.  For 

example, Kalleberg, Reynolds and Marsden (2003) surveyed U.S. organizations that used 

employment intermediaries and found that the most common stated reason for using such 

staffing methods was that the temporary workers supplied “special skills.”6  64% of firms 

mentioned skills as a reason for using intermediaries.  Moreover, while temporary employment 

in the United States was traditionally associated with lower level jobs such as clerical work, in 

                                                           
6 While employees of temporary help agencies (an example of an employment intermediary) might be considered 
permanent workers, I infer that use of an intermediary is qualitatively similar to hiring someone on a temporary 
basis. 
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the 1990s, the share that was highly skilled rose relatively and absolutely (Kunda, Barley and 

Evans 2002).   

In the Australian case, Louie, et. al (2006) note that workers on fixed term contracts have 

higher level jobs and higher levels of education than workers on permanent jobs, similar to the 

findings shown in Tables A1 and A2.  The authors suggest that recent lessening of labor market 

regulations in Australia may have contributed to these outcomes.  Because of their differing 

profiles with regard to temporary employment relative to the other countries in the sample, I 

conducted analyses of job content both including and excluding the United States and Australia. 

Figures 1-7 show univariate relationships between a country’s difference in job content 

between permanent and temporary jobs and the OECD’s measure of employment protection 

strictness.  In the cases of influence on others, writing, reading, task discretion, and planning, a 

higher gap was significantly positively associated with stricter employment regulation whether 

or not the United States and Australia are included in the sample.  However, use of numeracy 

skills and information technology work did not fit this pattern.  There was no relationship 

between EPL and the permanent-temporary gap in the use of numeracy skills, and a negative 

relationship between EPL and the gap in information and computer technology skills, a relatively 

specialized job characteristic.  It is likely that reading, writing, task discretion, planning and 

influencing others are traits that are potentially present in all jobs, and the pattern in Figures 1-5 

does suggest that EPL raises the relative complexity of permanent vs temporary jobs.  Of course, 

the Figures don’t control for other influences on job content, and in the next section, I outline the 

methodology I use to accomplish this. 

 

V.  Empirical Procedures and Results 

 

 The basic research design used here is to assess the influence of EPL on the gap in job 

content between permanent and temporary jobs, controlling for other influences.  The simplest 
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analysis I implemented involved estimating separate regressions for each job content variable 

with the data pooled across country and gender: 

 

(3) y = f(perm, perm*EPL, perm*CBCOV, perm*PRODREG, Z, e) 

 

where for each individual, y is one of the job content variables (influence, reading, writing, task 

discretion, planning, numeracy, ict), perm is a dummy variable equaling one for those in 

permanent jobs, EPL is the country’s employment protection strictness measure, CBCOV is the 

country’s collective bargaining coverage rate (fraction of workers covered), PRODREG is the 

OECD index of product market regulation with higher values signifying more regulation, Z is a 

vector of controls, and e is a disturbance term.   

The perm*EPL coefficient will test the hypothesis that EPL widens the gap in job content 

between permanent and temporary jobs, controlling for the effects of two potentially important 

institutional determinants of job content:  collective bargaining coverage and product market 

regulation.  Collective bargaining can affect job security as well as labor costs and thus 

production technique.  Product market regulation can also affect job security through protection 

against new entrants.  Recall MacLeod and Nakavachara’s (2007) model in which greater job 

security increased workers’ investments in firm specific skills.  Collective bargaining and 

product market regulation can thus have direct effects on job content through this mechanism, 

and it is plausible that the impact would not be the same for those on permanent jobs as it would 

be for those on temporary jobs.  For example, collective bargaining is more likely to cover those 

in permanent jobs than in temporary employment, and product market regulation may have 

smaller effects on the job security of those already in protected jobs than among those on 

temporary jobs.  On the other hand, since EPL may affect the degree of collective bargaining and 

even perhaps the degree of product market regulation, I also report models including only the 

EPL-permanent interactions. 
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 As discussed above, I implement several alternative models where the control variables 

in Z are allowed to vary.  First, I include the following controls in Z:  a female dummy variable, 

years of schooling, years of actual labor market experience and its square, an immigrant dummy 

variable, numeracy test score, literacy test score, a government employment indicator, industry 

and occupation dummy variables, and country dummy variables.7  Note that the inclusion of 

country dummy variables fully absorbs the main effects of employment protection, collective 

bargaining coverage, and product market regulation.  I estimate f(-) as a linear regression and 

cluster the standard errors at the country level.  The Z variables include some measures of skills 

such as schooling, experience, test scores and nativity, which may also be a proxy for 

discrimination.  In addition, the controls for industry and occupation adjust for exogenous factors 

that could affect job content, since, for example, professional and technical jobs are likely to 

have higher level cognitive content than manual occupations.   

Second, as noted, employment protection may affect the industrial and occupational mix 

by altering labor and other costs differentially across sectors and occupations.  Thus, I also 

estimate (3) by excluding the industry and occupation dummies and the government dummy.  

Third, because EPL is likely to affect hiring standards, I further estimate a version of (3) 

excluding the human capital and immigrant variables (schooling, experience, test scores, and the 

immigrant dummy variable).8  In addition, because of the seemingly idiosyncratic patterns in the 

United States described earlier, I also estimate equation (3) excluding the United States.  And 

because the female labor market may differ from the male labor market in occupations and 

reward structures, I also estimate (3) separately by gender.   

 While pooling country (and gender) gives the largest sample size, equation (3) forces the 

effect of each variable to be the same for each country other than the perm-interactions which of 

                                                           
7 As noted, the PIAAC also conducted tests of problem-solving ability.  However, because these were administered 
to far fewer people than the numeracy and literacy tests, I don’t use the problem solving test score in my main 
analyses.  But when I re-estimated the basic models including problem solving, the results were very similar to those 
presented in the paper. 
8 I include the gender dummy variable to account for compositional differences in the labor force, although the 
results were not affected by excluding this variable as well. 
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course allow the impact of permanent employment to differ according to the country’s policies 

and institutions.  Thus, at the expense of losing many degrees of freedom, I also estimated (3) 

separately by country (and by country-gender group) where of course the country dummies are 

omitted and so are the perm-interactions.  These disaggregated equations then give for each 

country (or country-gender group) its own effect of permanent employment on job content.  I 

then regress these coefficients on EPL, CBCOV, and PRODREG in models that include 21 

observations.  I estimate these models unweighted where the standard errors are 

heteroscedasticity-robust.  In addition, I also estimate weighted regressions, where I weight each 

observation by the inverse of the standard error of its perm coefficient. 

 Tables 3-5 show results for the interaction between permanent employment and EPL in 

the models pooled across countries, including the United States and Australia (results excluding 

the United States and Australia are discussed below).  As mentioned earlier, I estimate models 

with alternative sets of controls.  Table 3 includes the full set of human capital, occupation and 

industry variables, in effect estimating the direct impact of EPL on job content.  Table 4 shows 

results not controlling for industry and occupation, allowing EPL to affect these intermediate 

variables.  And Table 5 further excludes the human capital variables, allowing EPL to affect 

hiring and promotion standards.  In addition, the Tables show results where EPL is the only 

institution interacted with permanent employment and also results where I additionally include 

interactions between permanent employment and collective bargaining and product regulation.  

Tables 3-5 show results with men and women pooled (with a gender dummy variable) and also 

separately by gender.  Appendix Table A4 shows the full regression results for the fully-

specified model pooled by gender (summarized in Table 3A), except for not reporting the 

country dummy variable coefficients to conserve space. 

 Looking at the models pooled by gender and country, we see that Tables 3-5 show strong, 

significantly positive effects of EPL on the use of influence, reading, writing and planning skills 

in permanent relative to temporary jobs in all specifications.  These results hold up whether or I 

control for permanent employment interactions with collective bargaining coverage and product 
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market regulation.  In addition, when I control for these two interactions and the full set of 

controls (Table 3A), EPL is also seen to significantly increase the relative use of numeracy skills 

in permanent jobs.  The coefficients for influence, reading, writing, and planning skills all 

become larger in magnitude when I exclude industry and occupation (Table 4) and further 

exclude the human capital variables (Table 5), suggesting that EPL affects the allocation of labor 

resources across sectors and also hiring standards.  In other words, Tables 3-5 show for the 

samples pooled by gender that not only does EPL lead to higher level job content along these 

dimensions for workers of a given measured skill level, industry and occupation; EPL also leads 

to the relative expansion of industries and occupations that use higher level job content and the 

relative hiring of more highly skilled workers in permanent jobs, who then have higher level job 

content than otherwise. 

 Tables 3-5 do not show strong results for the use of numeracy skills or information and 

computer technology skills (ict).  While EPL is found to significantly positively interact with 

permanent employment in affecting the use of numeracy skills in the pooled sample with the full 

set of controls (Table 3A), this finding becomes smaller and insignificant when I don’t control 

for industry, occupation, government employment, and human capital (Tables 4A and 5A).  And 

the effects of EPL on the permanent-temporary gap in the use of ict skills are usually negative, 

sometimes significantly so and other times not significant.  As mentioned earlier, numeracy and 

ict skills may be relatively specialized to particular sectors of the economy, while reading, 

writing, influencing others, planning, and task discretion are aspects of jobs that are likely to 

affect all sectors.  Thus it may not be surprising that the effects on these more widely-used skills 

are stronger. 

To assess the magnitudes of the effects of EPL, I use the coefficients on each skill in 

wage equations as discussed earlier.  As mentioned, these wage equations give an estimate of the 

increase in the value of a job associated with a one standard deviation increase in the use of the 

indicated skill.  Using this approach, I evaluated the effects in the gender-pooled models in 

Tables 3-5 for an experiment in which we increase the EPL measure from its minimum value of 
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1.1714 (United States) to its maximum value of 3.0833 (Belgium).  Table 6 shows that the wage 

value of these effects in the full set of 21 countries ranges from 0.0102 to 0.0653 log points not 

controlling for permanent employment-collective bargaining coverage and product market 

regulation interactions and from 0.0187 to 0.1075 log points controlling for these interactions.  

Moreover, the magnitudes are similar whether or not I control for industry and occupation; 

however, the wage effects become substantially larger when I don’t control for human capital in 

the job content equations.  Specifically, comparing the third row of Table 6 with the first two 

rows implies that EPL has an important effect on job content through changing firms’ hiring 

decisions with respect to schooling, experience, cognitive test scores or nativity status.  But the 

first row of Table 6 and the significantly positive effects in Table 3 for influence, reading, 

writing and planning skills imply that EPL also leads to higher level job content even in the same 

industry and occupation, controlling for worker skills.   

 Tables 3-5 also show results for the impact of EPL on job content disaggregated by 

gender.  Overall, the findings are stronger for men, with significantly positive effects of EPL on 

the relative use of influence, reading, writing, and planning skills in permanent jobs.  Moreover, 

there is some evidence of positive effects on the use of numeracy skills for men as well (Tables 

3B and 5B).  For women, there are significantly positive effects in all three specifications for 

reading, writing and planning skills, with some evidence of positive effects on influence and task 

discretion.  The stronger effects of EPL on men’s job content than on women’s job content are 

consistent with earlier research that found a larger permanent job wage premium for men than 

for women among European countries (Kahn 2016).  Firms may be relatively reluctant to assign 

higher level tasks to women if they anticipate that women will leave the firm; alternatively, 

women may self-select out of such jobs, anticipating work force interruptions.9 

 As mentioned earlier, the United States and Australia differ from the other countries in 

the PIAAC data base for having relatively high level temporary jobs.  This outcome may, of 

                                                           
9  For further discussion of the role of anticipated employment stability on gender differences in labor market 
outcomes, see Blau and Kahn (forthcoming). 
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course, be a consequence of the high level of flexibility in the United States and Australian labor 

markets.  However, there may also be other causes of such a pattern, and I have estimated the 

basic models excluding the United States and Australia.  The results for the EPL-permanent 

employment interactions are shown in Appendix Table A5 for the fully-specified model, pooled 

by gender.  The overall pattern is similar to but weaker than the results shown in Table 3A where 

the United States is included.  There is evidence in the full specification excluding the United 

States and Australia that EPL raises the relative use of reading, writing, task discretion and 

planning skills in permanent jobs.10  And, excluding industry, occupation, the government 

indicator, and the human capital variables, EPL is seen to significantly raise the relative use of 

influence, reading, writing, and planning skills, as well as significantly increasing task discretion 

in permanent relative to temporary jobs (results available upon request).  Moreover, as in Tables 

3-5, the effects are somewhat stronger for men and than for women (results available upon 

request).  Finally, Table 6 shows that the magnitude of the effects, measured in wage units, have 

the same pattern when we exclude the United States and Australia, although the effects are 

smaller.  

 Appendix Table A4 shows the basic results for the control variables in the models pooled 

by country and gender with the full set of controls.  More educated workers, those with more 

labor market experience and men all have higher level job content scores, controlling for 

industry, occupation, government employment, test scores and nativity status.  In addition, 

immigrants have significantly lower level jobs with respect to influence, reading, task discretion, 

and planning skills.  However, immigrants also have significantly higher level jobs on the 

numeracy skill and information and computer technology dimensions.  Together, the findings 

suggest that immigrants are more likely to be in technically-demanding jobs with lower levels of 

communication and responsibility than comparable natives.  Moreover, scores on numeracy tests 

have more consistently positive effects on job content skills than scores on literacy tests, similar 

to the findings in the wage equations shown in Table A3.  This result is also consistent with 

                                                           
10 The effects for task discretion shown in Table A5 are significant at the 10.7-10.8% level. 
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Hanushek, Schwerdt, Wiederhold and Woessmann’s (2015) finding that math scores usually had 

a larger effect on wages than literacy scores.  Further, not surprisingly, managerial, professional 

and technical occupations show relatively high levels of job content across the board. 

 The results for the other policies and institutions—collective bargaining coverage and the 

strength of product market regulation are somewhat fragile.  For example, in models pooled by 

country and gender, these variables negatively interact with permanent employment in affecting 

reading skills (Tables 3A, 4A, and 5A), usually significantly so.  The interactions for the other 

skills are usually not significant and sometimes change sign depending on set of included 

covariates (Tables 3B and C, for example).  The negative interaction effect for reading may 

suggest that even those in temporary jobs already have some protection either through collective 

bargaining or restrictions on product market entry, thus reducing the gap in job content between 

permanent and temporary employment.   

 While the results shown so far are based on regression models that pool countries, the 

basic findings in Tables 3-6 were very similar when I estimated separate regressions by country 

or country-gender group, as described above.  Table 7, for example, shows the results for the 

impact of EPL on the country’s permanent employment coefficient with the full set of controls in 

the first stage regressions.  As in the pooled sample, EPL is seen to raise the level of job content 

skills used with respect to influence, reading, writing and planning.  The effects remain generally 

stronger for men than women; and the effects become stronger when I don’t control for industry 

and occupation, and when I also exclude these controls and the human capital variables (results 

available upon request).  The wage weighted magnitudes of these effects were also similar to 

those in the pooled sample. 

 

VI.  Conclusions 

 

 In this paper I have used PIAAC data for 21 countries to study the impact of employment 

protection laws (EPL) on job content.  Economic theories about the impact of EPL on company 
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human resource management policy predict that stricter protection will increase workers’ 

willingness to make firm-specific investments.  Moreover, these theories also predict that stricter 

mandated protection will lead firms to raise their hiring and promotion standards for workers to 

meet in order to be placed in permanent jobs.  Both of these mechanisms predict that there will 

be higher levels of job content in permanent than in temporary jobs; further, it is predicted that 

stricter EPL will increase the gap in job content between permanent and temporary jobs due both 

to workers’ investments and firm hiring standards. 

 I found support for both sets of predictions.  First, in almost all cases, workers’ self-

reported use of influence, reading, writing, planning, numeracy and ict skills, and their task 

discretion, were higher in permanent jobs than in temporary jobs.  Second, stricter EPL was seen 

to raise the gap in job content for influence, reading, writing and planning skills used in 

permanent jobs vs. temporary jobs, controlling for industry, occupation and human capital.  That 

is, within job type and human capital levels, EPL leads to changes in job content.  This finding 

suggests that workers are indeed making firm-specific (or perhaps occupation- or industry- 

specific) investments that raise their productivity levels and thus warrant higher level job 

content.  These effects became larger when I did not control for industry, occupation, 

government employment, and human capital variables including schooling, actual labor market 

experience, cognitive test scores and nativity status.  The larger effects of EPL without these 

controls provides some indirect support for the idea that EPL leads firms to raise their hiring 

standards.  Specifically, EPL leads to a higher relative levels of measured human capital in 

permanent jobs, leading to higher levels of the use of job content skills.  These findings suggest 

that EPL leads to a further polarization between the permanent and temporary job sectors.  In 

addition to of course major differences in job security and wage differences, it is possible that the 

effects on job content may make it more difficult for those in temporary jobs to be promoted into 

permanent jobs. 
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Appendix:  Occupation and Industry Dummy Variable Categories 
 

Occupations 
 
Managerial 
Professional 
Technical Occ. 
Clerical 
Sales, Serv. Occ. 
Skilled Agric Occ 
Craft  
Operative 
Elementary (the omitted category from the regressions) 
 
Industries 
 
Mining/Construction 
Manufacturing 
Transportation/Communications 
Trade 
Food Service and Hotels 
Finance, Ins., Real Est. 
Prof., Admin Svcs. 
Public Admin 
Education 
Health 
Other Svcs. 
Agriculture (the omitted category from the regressions) 
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Figure 1:  Average Use of Influence Skills in Permanent – Average Use of Influence Skills 
(dinfluence) in Temporary Jobs by Employment Protection Strictness (epl) 
 

 
 
Slope of regression line is 0.2874 (robust standard error 0.0913) with USA and Australia 
included and 0.1229 (robust standard error 0.0535) with USA and Australia excluded. 
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Figure 2:  Average Use of Reading Skills in Permanent – Average Use of Reading Skills 
(dreadwork) in Temporary Jobs by Employment Protection Strictness (epl) 
 

 
 
Slope of regression line is 0.3147 (robust standard error 0.0871) with USA and Australia 
included and 0.1812 (robust standard error 0.0982) with USA and Australia excluded. 
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Figure 3:  Average Use of Writing Skills in Permanent – Average Use of Writing Skills 
(dwritwork) in Temporary Jobs by Employment Protection Strictness (epl) 
 

 
 
Slope of regression line is 0.2391 (robust standard error 0.0465) with USA and Australia 
included and 0.1561 (robust standard error 0.0495) with USA and Australia excluded. 
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Figure 4:  Average Level of Task Discretion in Permanent – Average Level of Task 
Discretion (dtaskdisc) in Temporary Jobs by Employment Protection Strictness (epl) 
 

 
 
Slope of regression line is 0.0883 (robust standard error 0.0419) with USA and Australia 
included and 0.1223 (robust standard error 0.0495) with USA and Australia excluded. 
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Figure 5:  Average Use of Planning Skills in Permanent – Average Use of Planning Skills 
(dplanning) in Temporary Jobs by Employment Protection Strictness (epl) 
 

 
 
Slope of regression line is 0.2595 (robust standard error 0.0520) with USA and Australia 
included and 0.1694 (robust standard error 0.0354) with USA and Australia excluded. 
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Figure 6:  Average Use of Numeracy Skills in Permanent – Average Use of Numeracy Skills 
(dnumwork) in Temporary Jobs by Employment Protection Strictness (epl) 
 

 
 
Slope of regression line is 0.0049 (robust standard error 0.0569) with USA and Australia 
included and -0.0694 (robust standard error 0.0656) with USA and Australia excluded. 
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Figure 7:  Average Use of Information and Computer Technology Skills in Permanent – 
Average Use of Information and Computer Technology Skills (dictwork) in Temporary 
Jobs by Employment Protection Strictness (epl) 
 

 
 
Slope of regression line is -0.1538 (robust standard error 0.0453) with USA and Australia 
included and -0.1940 (robust standard error 0.0647) with USA and Australia excluded. 
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Table 1:  PIAAC Job Content Variable Descriptions

Reading Reading documents (directions, instructions, letters, memos, e-mails, articles, books, manuals, bills, invoices, diagrams, maps)

Writing Writing documents (letters, memos, e-mails, articles, reports, forms)

Numeracy
Calculating prices, costs or budgets; use of fractions, decimals or percentages; use of calculators; preparing graphs or tables; 
algebra or formulas; use of advanced math or statistics (calculus, trigonometry, regressions)

ICT Skills
Using e-mail, Internet, spreadsheets, word processors, programming languages; conducting transactions online; participating in 
online discussions (conferences, chats)

Task Discretion Choosing or changing sequence of job tasks, the speed of work, working hours; choosing how to do the job

Influencing Skills
Instructing, teaching or training people; making speeches or presentations; selling products or services; advising people; planning 
others' activities; persuading or influencing others; negotiating

Planning Organizing one's time

Source:  OECD (2013c, p. 43)
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Table 2:  Sample Means, Selected Variables

Men and Women Pooled Men Women

Employment Contract Type Employment Contract Type Employment Contract Type

Temporary Permanent Temporary Permanent Temporary Permanent

 Job Content:
     Reading 1.933 2.059 1.934 2.085 1.933 2.031
     Writing 2.025 2.123 2.046 2.152 2.006 2.092
     Influence 1.993 2.062 1.968 2.066 2.015 2.057
     Task Discretion 1.710 1.899 1.710 1.937 1.709 1.857
     Planning 1.923 2.069 1.891 2.086 1.952 2.051
     Numeracy Skills 1.900 2.048 2.012 2.149 1.797 1.934
     ICT Skills 1.910 2.087 1.977 2.171 1.855 2.003
Years of Schooling 13.461 13.398 13.115 13.241 13.777 13.572
Immigrant 0.116 0.099 0.115 0.102 0.116 0.096
Actual Labor Market 
Experience (yrs) 14.371 19.550 15.593 20.217 13.252 18.817
Numeracy Test Score 272.410 277.932 273.957 282.670 270.994 272.730
Literacy Test 278.672 280.543 275.525 281.091 281.553 279.940
Problem Solving Test 
Score 287.887 286.580 287.875 289.728 287.898 283.180
Manager 0.043 0.076 0.053 0.094 0.034 0.056
Prof/Tech 0.356 0.378 0.317 0.343 0.391 0.418
Clerical/Sales/Service 0.310 0.276 0.206 0.175 0.405 0.387
Blue Collar 0.291 0.269 0.424 0.388 0.170 0.139
Female 0.522 0.477

Total Sample Size 9817 51414 4435 25364 5382 26050

Source:  PIAAC pooled 21 country sample.  Sample weights are adjusted so that each country receives
equal weight.  Job Content variables are scaled to have mean 2.0 and variance 1.0.  Some sample sizes
are smaller for some of the job content variables and test scores due to missing data.  Sample sizes
reflect rounding of US sample size to the nearest 10.
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Table 3:  Selected Regression Results for Job Content Variables, Pooled 21 Country Sample

A.  Men and Women Pooled Task Task
Influence Influence Reading Reading Writing Writing Discretion Discretion

Variable

perm -0.3348* -0.3427* -0.3734** -0.3934** -0.3537** -0.3487** 0.0404 0.0457
(0.1252) (0.1289) (0.0880) (0.0953) (0.0892) (0.0966) (0.0961) (0.0987)

perm*EPL 0.1695** 0.2076** 0.1878** 0.2754** 0.1825** 0.1639** 0.0130 0.0141
(0.0516) (0.0698) (0.0351) (0.0514) (0.0384) (0.0495) (0.0384) (0.0476)

perm*CBCOV -0.0620 -0.1428+ 0.0310 0.0041
(0.1104) (0.0794) (0.0721) (0.0747)

perm*PRODREG -0.0340 -0.0760** 0.0153 -0.0074
(0.0209) (0.0189) (0.0584) (0.0115)

N 55767 55767 58055 58055 53319 53319 59081 59081
Adjusted R squared 0.2674 0.2674 0.3588 0.3591 0.2093 0.2093 0.1692 0.1692

Planning Planning Numeracy Numeracy ICT ICT
perm -0.3083** -0.3233** -0.0966 -0.1544 0.3426** 0.3133**

(0.0600) (0.0711) (0.1094) (0.1013) (0.0547) (0.0601)
perm*EPL 0.1693** 0.1999** 0.0691 0.1131+ -0.0980** -0.0201

(0.0260) (0.0441) (0.0474) (0.0588) (0.0243) (0.0561)
perm*CBCOV -0.0598 -0.1332 -0.1401

(0.0725) (0.0859) (0.1106)
perm*PRODREG -0.0168 0.0201 -0.0541

(0.0151) (0.0236) (0.0354)
N 55453 55453 49179 49179 43036 43036
Adjusted R squared 0.1281 0.1281 0.2223 0.2224 0.2818 0.282
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Table 3:  Selected Regression Results for Job Content Variables, Pooled 21 Country Sample (ctd)

B.  Men Task Task
Influence Influence Reading Reading Writing Writing Discretion Discretion

Variable

perm -0.6096** -0.6288** -0.4364** -0.4557** -0.5579** -0.5595** 0.1600 0.1113
(0.1572) (0.1624) (0.0899) (0.1019) (0.1014) (0.1075) (0.0992) (0.1042)

perm*EPL 0.2869** 0.3563** 0.2115** 0.3280** 0.2692** 0.2391** -0.0339 0.0246
(0.0659) (0.0817) (0.0366) (0.0582) (0.0451) (0.0643) (0.0434) (0.0558)

perm*CBCOV -0.1165 -0.1767+ 0.0374 -0.1343
(0.1092) (0.0976) (0.1069) (0.0833)

perm*PRODREG -0.0570* -0.1115** 0.0370 -0.0103
(0.0259) (0.0210) (0.0661) (0.0144)

N 27118 27118 28327 28327 25779 25779 28726 28726
Adjusted R squared 0.2841 0.2842 0.3691 0.3696 0.2164 0.2163 0.2034 0.2034

Planning Planning Numeracy Numeracy ICT ICT
perm -0.2734** -0.2975** -0.1779+ -0.2140* 0.4779** 0.4316**

(0.0570) (0.0627) (0.0971) (0.0980) (0.1000) (0.1168)
perm*EPL 0.1661** 0.2406** 0.0912+ 0.1487* -0.1550** 0.0061

(0.0261) (0.0402) (0.0441) (0.0612) (0.0444) (0.0817)
perm*CBCOV -0.1280 -0.1226 -0.2627+

(0.0845) (0.0914) (0.1369)
perm*PRODREG -0.0569** -0.0227 -0.1357**

(0.0147) (0.0295) (0.0273)
N 26946 26946 24266 24266 20034 20034
Adjusted R squared 0.1249 0.1249 0.2401 0.2401 0.2961 0.2966
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Table 3:  Selected Regression Results for Job Content Variables, Pooled 21 Country Sample (ctd)

C. Women Task Task
Influence Influence Reading Reading Writing Writing Discretion Discretion

Variable

perm -0.0729 -0.0420 -0.3417** -0.3517** -0.1574+ -0.1514+ -0.1003 -0.0429
(0.0854) (0.0938) (0.0788) (0.0838) (0.0771) (0.0847) (0.1098) (0.1104)

perm*EPL 0.0577 0.0349 0.1736** 0.2219** 0.0964** 0.0982* 0.0664 0.0121
(0.0392) (0.0660) (0.0320) (0.0408) (0.0325) (0.0410) (0.0446) (0.0563)

perm*CBCOV 0.0670 -0.0796 0.0045 0.1398
(0.1241) (0.0568) (0.0654) (0.0857)

perm*PRODREG -0.0114 -0.0421+ -0.0093 -0.0069
(0.0280) (0.0205) (0.0549) (0.0204)

N 28649 28649 29728 29728 27540 27540 30355 30355
Adjusted R squared 0.2601 0.2601 0.3518 0.3518 0.2069 0.2068 0.3526 0.3527

Planning Planning Numeracy Numeracy ICT ICT
perm -0.3409** -0.3400** -0.0506 -0.1334 0.2029** 0.1855**

(0.0907) (0.0964) (0.1410) (0.1279) (0.0530) (0.0643)
perm*EPL 0.1731** 0.1597* 0.0575 0.0923 -0.0415 -0.0391

(0.0400) (0.0589) (0.0599) (0.0663) (0.0252) (0.0543)
perm*CBCOV 0.0205 -0.1540 -0.0229

(0.0912) (0.0973) (0.1094)
perm*PRODREG 0.0136 0.0627** 0.0187

(0.0278) (0.0203) (0.0616)
N 28517 28517 24903 24903 22992 22992
Adjusted R squared 0.14 0.1399 0.1933 0.1937 0.2677 0.2677
+,*,** significant at 10%, 5% and 1% levels, respectively.
Controls include years of schooling, experience and its square, immigrant dummy, numeracy test score, literacy test score,
government employment dummy, industry, occupation and country dummies, and in the sample pooled by gender,
a female dummy variable.
Adjusted sampling weights used, where each country receives the same weight.  Standard errors clustered at the country level.
Sample sizes reflect rounding of the US sample size to the nearest 10.
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Table 4:  Selected Regression Results for Job Content Variables, Pooled 20 Country Sample, Industry, Occupation, and Government 
Employment Dummies Excluded

A.   Men and Women Pooled Task Task
Influence Influence Reading Reading Writing Writing Discretion Discretion

Variable

perm -0.5101** -0.5395** -0.4642** -0.5012** -0.3275** -0.3240** 0.1329 0.1634
(0.1698) (0.1721) (0.1026) (0.1078) (0.0676) (0.0775) (0.1145) (0.1125)

perm*EPL 0.2319** 0.2912** 0.2296** 0.3419** 0.1863** 0.1834** -0.0161 -0.0256
(0.0684) (0.0836) (0.0421) (0.0563) (0.0285) (0.0398) (0.0459) (0.0515)

perm*CBCOV -0.1163 -0.1966* 0.0083 0.0469
(0.1080) (0.0764) (0.0669) (0.0735)

perm*PRODREG -0.0322+ -0.0837** -0.0010 -0.0249*
(0.0176) (0.0210) (0.0538) (0.0107)

N 55767 55767 58055 58055 53319 53319 59081 59081
Adjusted R squared 0.1552 0.1553 0.253 0.2534 0.1314 0.1313 0.1142 0.1143

Planning Planning Numeracy Numeracy ICT ICT
perm -0.3715** -0.3976** 0.1265+ 0.1391 0.5599** 0.5879**

(0.0982) (0.1056) (0.0715) (0.0819) (0.0643) (0.0669)
perm*EPL 0.1943** 0.2384** 0.0108 0.0287 -0.1625** -0.1072+

(0.0392) (0.0527) (0.0336) (0.0567) (0.0321) (0.0603)
perm*CBCOV -0.0917 -0.0059 -0.0416

(0.0756) (0.0990) (0.1128)
perm*PRODREG -0.0187 -0.0365 -0.0988**

(0.0145) (0.0292) (0.0259)
N 55453 55453 49179 49179 43036 43036
Adjusted R squared 0.0808 0.0809 0.109 0.109 0.1333 0.1336
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Table 4:  Selected Regression Results for Job Content Variables, Pooled 20 Country Sample, Industry, Occupation, and Government 
Employment Dummies Excluded (ctd)

B.   Men Task Task
Influence Influence Reading Reading Writing Writing Discretion Discretion

Variable

perm -0.7130** -0.7463** -0.5347** -0.5675** -0.5914** -0.5814** 0.2304+ 0.2140
(0.1697) (0.1763) (0.0866) (0.0994) (0.0638) (0.0773) (0.1238) (0.1284)

perm*EPL 0.3215** 0.4402** 0.2540** 0.4257** 0.2932** 0.2963** -0.0539 -0.0100
(0.0702) (0.0854) (0.0382) (0.0547) (0.0275) (0.0486) (0.0527) (0.0676)

perm*CBCOV -0.2017* -0.2676** 0.0087 -0.0788
(0.0948) (0.0833) (0.0939) (0.0971)

perm*PRODREG -0.0964* -0.1582** -0.0158 -0.0306
(0.0348) (0.0301) (0.0521) (0.0180)

N 27118 27118 28327 28327 25779 25779 28726 28726
Adjusted R squared 0.1587 0.159 0.2638 0.2648 0.1402 0.1402 0.1389 0.1389

Planning Planning Numeracy Numeracy ICT ICT
perm -0.2773** -0.3023** 0.0050 0.0475 0.6441** 0.6829**

(0.0694) (0.0722) (0.0672) (0.0804) (0.1389) (0.1398)
perm*EPL 0.1701** 0.2682** 0.0493 0.0686 -0.2022** -0.0662

(0.0316) (0.0470) (0.0349) (0.0540) (0.0664) (0.0835)
perm*CBCOV -0.1619 0.0331 -0.1246

(0.0996) (0.0770) (0.1086)
perm*PRODREG -0.0820** -0.0753* -0.2116**

(0.0235) (0.0286) (0.0394)
N 26946 26946 24266 24266 20034 20034
Adjusted R squared 0.0728 0.0731 0.1342 0.1344 0.1487 0.1496
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Table 4:  Selected Regression Results for Job Content Variables, Pooled 20 Country Sample, Industry, Occupation, and Government 
Employment Dummies Excluded (ctd)

C.  Women Task Task
Influence Influence Reading Reading Writing Writing Discretion Discretion

Variable

perm -0.3325* -0.3371+ -0.4160** -0.4493** -0.0766 -0.0846 0.0048 0.0798
(0.1534) (0.1663) (0.1146) (0.1198) (0.0806) (0.0926) (0.1198) (0.1148)

perm*EPL 0.1519* 0.1309 0.2113** 0.2564** 0.0836* 0.0851+ 0.0332 -0.0279
(0.0652) (0.0963) (0.0473) (0.0590) (0.0340) (0.0455) (0.0488) (0.0564)

perm*CBCOV 0.0245 -0.1018 -0.0117 0.1696+
(0.1481) (0.0719) (0.0742) (0.0897)

perm*PRODREG 0.0292 -0.0106 0.0082 -0.0206
(0.0397) (0.0226) (0.0547) (0.0193)

N 28649 28649 29728 29728 27540 27540 30355 30355
Adjusted R squared 0.1587 0.1586 0.2437 0.2437 0.1232 0.1232 0.0882 0.0884

Planning Planning Numeracy Numeracy ICT ICT
perm -0.4534** -0.4750** 0.2038 0.1765 0.4446** 0.4595**

(0.1561) (0.1582) (0.1220) (0.1233) (0.0704) (0.0795)
perm*EPL 0.2166** 0.2051* -0.0163 0.0132 -0.1144** -0.1174+

(0.0645) (0.0775) (0.0505) (0.0747) (0.0297) (0.0583)
perm*CBCOV -0.0079 -0.0751 0.0215

(0.0988) (0.1410) (0.1261)
perm*PRODREG 0.0385 0.0003 -0.0152

(0.0327) (0.0291) (0.0515)
N 28517 28517 24903 24903 22992 22992
Adjusted R squared 0.0947 0.0947 0.0769 0.0769 0.1111 0.1111
+,*,** significant at 10%, 5% and 1% levels, respectively.
Controls include years of schooling, experience and its square, immigrant dummy, numeracy test score, literacy test score, 
country dummies, and female dummy variable for the sample pooled by gender.  
Adjusted sampling weights used, where each country receives the same weight.  Standard errors clustered at the country level.
Sample sizes reflect rounding of the US sample size to the nearest 10.
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Table 5:  Selected Regression Results for Job Content Variables, Pooled 21 Country Sample, Industry, Occupation, and Government 
Employment Dummies and Human Capital Variables Excluded

A.   Men and Women Pooled Task Task
Influence Influence Reading Reading Writing Writing Discretion Discretion

Variable

perm -0.7085** -0.7481** -0.7126** -0.7627** -0.4529** -0.4606** 0.0070 0.0513
(0.2296) (0.2351) (0.1710) (0.1811) (0.1054) (0.1139) (0.0947) (0.0898)

perm*EPL 0.3448** 0.4458** 0.3684** 0.5197** 0.2620** 0.2847** 0.0600 0.0632
(0.0930) (0.1134) (0.0720) (0.0951) (0.0425) (0.0596) (0.0378) (0.0436)

perm*CBCOV -0.1864 -0.2660* -0.0399 0.0426
(0.1306) (0.1202) (0.0701) (0.0734)

perm*PRODREG -0.0674* -0.1125+ -0.0167 -0.0551**
(0.0269) (0.0559) (0.0376) (0.0166)

N 55767 55767 58055 58055 53319 53319 59081 59081
Adjusted R squared 0.0487 0.049 0.0521 0.0529 0.0473 0.0473 0.0725 0.0727

Planning Planning Numeracy Numeracy ICT ICT
perm -0.5030** -0.5126** 0.0868 0.0777 0.5157** 0.5163**

(0.1295) (0.1388) (0.0998) (0.1028) (0.0844) (0.0877)
perm*EPL 0.2824** 0.3441** 0.0357 0.0976 -0.1379** -0.0406

(0.0528) (0.0656) (0.0443) (0.0617) (0.0415) (0.0715)
perm*CBCOV -0.0980 -0.0927 -0.1324

(0.0743) (0.0927) (0.1249)
perm*PRODREG -0.0576* -0.0607** -0.1134**

(0.0257) (0.0212) (0.0237)
N 55453 55453 49179 49179 43036 43036
Adjusted R squared 0.0336 0.0337 0.0301 0.0302 0.0383 0.0386
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Table 5:  Selected Regression Results for Job Content Variables, Pooled 21 Country Sample, Industry, Occupation, and Government 
Employment Dummies and Human Capital Variables Excluded (ctd)

B.   Men Task Task
Influence Influence Reading Reading Writing Writing Discretion Discretion

Variable

perm -0.8718** -0.8906** -0.7307** -0.7579** -0.6525** -0.6426** 0.0968 0.1108
(0.2032) (0.2129) (0.1098) (0.1231) (0.0801) (0.0897) (0.1127) (0.1132)

perm*EPL 0.4303** 0.5658** 0.3835** 0.5702** 0.3505** 0.3590** 0.0339 0.0795
(0.0836) (0.0982) (0.0516) (0.0716) (0.0346) (0.0577) (0.0470) (0.0607)

perm*CBCOV -0.2082+ -0.2818* 0.0011 -0.0475
(0.1088) (0.1115) (0.0886) (0.1026)

perm*PRODREG -0.1327* -0.1823** -0.0219 -0.0678*
(0.0601) (0.0604) (0.0354) (0.0315)

N 27118 27118 28327 28327 25779 25779 28726 28726
Adjusted R squared 0.0473 0.0479 0.0688 0.0701 0.0558 0.0558 0.0813 0.0814

Planning Planning Numeracy Numeracy ICT ICT
perm -0.3742** -0.3603** -0.0141 0.0167 0.6596** 0.6771**

(0.0769) (0.0851) (0.0772) (0.0898) (0.1304) (0.1269)
perm*EPL 0.2498** 0.3446** 0.0769+ 0.1260+ -0.1896* -0.0342

(0.0347) (0.0505) (0.0413) (0.0630) (0.0668) (0.0810)
perm*CBCOV -0.1125 -0.0225 -0.1771

(0.1061) (0.0880) (0.1130)
perm*PRODREG -0.1238* -0.0955** -0.2084**

(0.0470) (0.0270) (0.0597)
N 26946 26946 24266 24266 20034 20034
Adjusted R squared 0.0325 0.0329 0.0251 0.0253 0.0316 0.0326
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Table 5:  Selected Regression Results for Job Content Variables, Pooled 21 Country Sample, Industry, Occupation, and Government 
Employment Dummies and Human Capital Variables Excluded (ctd)

C.  Women Task Task
Influence Influence Reading Reading Writing Writing Discretion Discretion

Variable

perm -0.5843* -0.6090* -0.7325** -0.7795** -0.2778* -0.2957* -0.1119 -0.0288
(0.2348) (0.2477) (0.2138) (0.2268) (0.1249) (0.1371) (0.1008) (0.0940)

perm*EPL 0.2723* 0.3003* 0.3647** 0.4534** 0.1822** 0.2149** 0.0972* 0.0496
(0.0976) (0.1319) (0.0888) (0.1108) (0.0492) (0.0682) (0.0416) (0.0510)

perm*CBCOV -0.0678 -0.1791 -0.0662 0.1570+
(0.1718) (0.1225) (0.0786) (0.0859)

perm*PRODREG -0.0015 -0.0431 -0.0154 -0.0450**
(0.0300) (0.0593) (0.0397) (0.0115)

N 28649 28649 29728 29728 27540 27540 30355 30355
Adjusted R squared 0.0599 0.0599 0.0414 0.0416 0.0398 0.0398 0.0625 0.0629

Planning Planning Numeracy Numeracy ICT ICT
perm -0.6365** -0.6555** 0.1739 0.1304 0.3549** 0.3494**

(0.1995) (0.2029) (0.1432) (0.1403) (0.1058) (0.1127)
perm*EPL 0.3172** 0.3356** -0.0048 0.0621 -0.0801+ -0.0405

(0.0823) (0.0943) (0.0594) (0.0774) (0.0439) (0.0735)
perm*CBCOV -0.0481 -0.1453 -0.0637

(0.0922) (0.1304) (0.1379)
perm*PRODREG 0.0024 -0.0226 -0.0373

(0.0200) (0.0249) (0.0343)
N 28517 28517 24903 24903 22992 22992
Adjusted R squared 0.0376 0.0375 0.0301 0.0301 0.0387 0.0387
+,*,** significant at 10%, 5% and 1% levels, respectively.
Controls include country dummies and for the sample pooled by gender, a female dummy variable.
Adjusted sampling weights used, where each country receives the same weight.  Standard errors clustered at the country level.
Sample sizes reflect rounding of US sample sizes to the nearest 10.
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Table 6:  Log Wage Impact Caused by Job Content Effects of Belgian-US Difference in EPL (based on models pooling 
countries and genders)

A.  United States and Australia in Sample perm*CBCOV, perm*PRODREG perm*CBCOV, perm*PRODREG
Interactions Excluded from Interactions Included in

Job Content Equations Job Content Equations

Job Content Models Human Capital Human Capital Human Capital Human Capital
in Wage Eqn out of Wage Eqn in Wage Eqn out of Wage Eqn

Full Specification 0.0102 0.0279 0.0231 0.0537
Exclude Industry, Occupation, Govt 0.0065 0.0263 0.0187 0.053
Exclude Industry, Occupation, Govt , Human 
Capital Vars. 0.0259 0.0653 0.0469 0.1075

B.  United States and Australia not in Sample perm*CBCOV, perm*PRODREG perm*CBCOV, perm*PRODREG
Interactions Excluded from Interactions Included in

Job Content Equations Job Content Equations

Job Content Models Human Capital Human Capital Human Capital Human Capital
in Wage Eqn out of Wage Eqn in Wage Eqn out of Wage Eqn

Full Specification 0.0045 0.0154 0.0169 0.0403
Exclude Industry, Occupation, Govt 0.0023 0.0135 0.0126 0.0374
Exclude Industry, Occupation, Govt , Human 
Capital Vars. 0.0057 0.0227 0.0221 0.0571

Entries are:  Σ j (bjcj)*(3.0833-1.1714), where for each job content variable j, bj is the corresponding
interaction coefficient for perm*EPL from the equation with job content variable j as dependent variable,
and cj is the coefficient for job content variable j from the indicated wage equation.
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Table 7:  Selected Regression Results for Job Content Variables, Based on Separate Individual Country Regressions of Job Content on 
Permanent Employment and Controls

 Men and Women Pooled in Individual Country Regressions Task Task
Influence Influence Reading Reading Writing Writing Discretion Discretion

Variable

EPL 0.0990** 0.0772 0.1811** 0.2545** 0.1270** 0.1158* 0.0445 0.0686
(0.0334) (0.0475) (0.0344) (0.0486) (0.0328) (0.0428) (0.0443) (0.0530)

CBCOV 0.0511 -0.1304+ -0.0125 -0.0445
(0.0797) (0.0670) (0.0514) (0.0668)

PRODREG 0.0015 -0.0572* 0.0491 -0.0168+
(0.0234) (0.0267) (0.0394) (0.0095)

N 21 21 21 21 21 21 21 21
Adjusted R squared 0.2762 0.2168 0.5298 0.6028 0.3809 0.3957 0.0499 -0.023

Planning Planning Numeracy Numeracy ICT ICT
EPL 0.1091** 0.1162* 0.0358 0.0610 -0.1002** -0.0354

(0.0372) (0.0526) (0.0589) (0.0753) (0.0279) (0.0526)
CBCOV -0.0059 -0.0880 -0.1197

(0.0768) (0.1020) (0.0964)
PRODREG -0.0138 0.0343 -0.0450*

(0.0154) (0.0221) (0.0181)
N 21 21 21 21 21 21
Adjusted R squared 0.2985 0.2228 -0.0255 -0.0486 0.2139 0.2651
+,*,** denote significant at 10%, 5% and 1% level, respectively.

Entries are regression coefficients where the dependent variable is the perm coefficient from individual country regressions of
the indicated job content variable on permanent employment and controls.  Controls include a female dummy, years of schooling,
experience and its square, numeracy and literacy test scores, an immigrant indicator, government employment, industry and
occupation.  Standard errors are heteroskedasticity-robust.
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Table A1:  Job Content by Country by Contract Type
Reading

Country Temporary Sample Size Permanent Sample Size Diff (Perm-Temp)
Australia 2.482 511 2.308 2,914 -0.174
Austria 1.976 234 2.061 2,465 0.085
Belgium 1.868 146 1.945 2,433 0.077
Britain 2.317 460 2.181 3,447 -0.137
Czech 1.711 474 1.880 2,119 0.169
Denmark 1.956 416 2.149 3,874 0.193
Estonia 1.909 486 1.973 3,706 0.064
Finland 2.101 436 2.192 2,764 0.091
France 1.556 313 1.869 3,055 0.313
Ireland 1.990 404 2.109 1,982 0.119
Italy 1.340 214 1.637 1,484 0.297
Japan 1.902 591 2.157 2,494 0.254
Korea 2.080 530 2.361 1,501 0.281
Netherlands 1.746 508 2.144 2,450 0.398
Norway 2.017 309 2.273 2,569 0.256
Poland 1.587 1,351 1.919 1,885 0.332
Russia 1.728 318 1.634 1,124 -0.095
Slovak 1.536 288 1.816 1,994 0.280
Spain 1.585 362 2.023 1,674 0.438
Sweden 1.992 284 2.223 2,426 0.231
USA 2.695 300 2.281 760 -0.414
Total 1.933 8,935 2.059 49,120 0.126

Writing
Temporary Sample Size Permanent Sample Size Diff (Perm-Temp)

Australia 2.396 499 2.265 2,790 -0.131
Austria 1.969 202 2.115 2,307 0.146
Belgium 1.837 141 2.129 2,300 0.293
Britain 2.278 435 2.297 3,291 0.019
Czech 1.791 406 1.984 1,916 0.193
Denmark 1.809 374 2.005 3,656 0.196
Estonia 1.684 377 1.739 3,053 0.055
Finland 1.937 412 2.065 2,629 0.128
France 1.624 274 1.957 2,780 0.333
Ireland 2.052 376 2.304 1,881 0.251
Italy 1.636 169 1.842 1,278 0.206
Japan 2.169 557 2.354 2,410 0.185
Korea 2.453 473 2.645 1,401 0.191
Netherlands 1.830 460 2.209 2,368 0.380
Norway 1.949 287 2.164 2,498 0.214
Poland 1.945 1,045 2.062 1,617 0.117
Russia 1.723 291 1.966 974 0.242
Slovak 1.827 251 2.010 1,783 0.183
Spain 1.939 300 2.181 1,537 0.242
Sweden 1.740 247 1.895 2,284 0.155
USA 2.578 290 2.368 710 -0.210
Total 2.025 7,866 2.123 45,463 0.099
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Table A1 (ctd):  Job Content by Country by Contract Type
Influence

Country Temporary Sample Size Permanent Sample Size Diff (Perm-Temp)
Australia 2.599 493 2.457 2,848 -0.141
Austria 1.683 204 1.942 2,336 0.260
Belgium 1.756 133 1.951 2,248 0.195
Britain 2.324 457 2.311 3,363 -0.013
Czech 1.799 443 1.881 2,030 0.082
Denmark 1.978 389 2.131 3,784 0.153
Estonia 1.934 460 2.009 3,571 0.075
Finland 2.326 433 2.292 2,728 -0.034
France 1.763 269 1.939 2,852 0.176
Ireland 2.305 384 2.309 1,905 0.003
Italy 1.497 239 1.712 1,557 0.215
Japan 1.543 583 1.846 2,420 0.302
Korea 1.856 506 2.046 1,448 0.190
Netherlands 1.747 479 2.031 2,352 0.284
Norway 1.879 303 2.145 2,565 0.266
Poland 1.814 1,254 1.985 1,799 0.171
Russia 2.005 303 2.002 1,076 -0.003
Slovak 1.724 228 1.840 1,602 0.117
Spain 1.560 371 1.857 1,613 0.297
Sweden 2.002 277 2.121 2,412 0.119
USA 2.847 290 2.342 760 -0.504
Total 1.993 8,498 2.062 47,269 0.069
Country Task Discretion

Temporary Sample Size Permanent Sample Size Diff (Perm-Temp)
Australia 1.736 504 1.762 2,879 0.025
Austria 1.967 248 2.232 2,307 0.265
Belgium 1.754 161 2.062 2,300 0.308
Britain 1.643 461 1.801 3,291 0.159
Czech 1.819 495 1.975 1,916 0.156
Denmark 2.003 424 2.228 3,656 0.224
Estonia 1.892 520 1.802 3,053 -0.090
Finland 2.134 450 2.191 2,629 0.058
France 1.581 322 1.745 2,780 0.164
Ireland 1.476 400 1.618 1,881 0.142
Italy 1.285 246 1.519 1,278 0.234
Japan 2.054 634 2.215 2,410 0.161
Korea 1.605 512 1.726 1,401 0.121
Netherlands 1.636 537 1.872 2,368 0.236
Norway 1.827 314 2.065 2,498 0.238
Poland 1.666 1,435 1.822 1,617 0.156
Russia 1.450 317 1.496 974 0.045
Slovak 1.435 291 1.604 1,783 0.169
Spain 1.598 454 1.757 1,537 0.158
Sweden 1.946 290 2.186 2,284 0.240
USA 1.770 300 1.924 770 0.155
Total 1.710 9,315 1.899 49,766 0.189
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Table A1 (ctd):  Job Content by Country by Contract Type
Planning

Country Temporary Sample Size Permanent Sample Size Diff (Perm-Temp)
Australia 2.323 481 2.329 2,745 0.007
Austria 1.691 219 1.927 2,394 0.236
Belgium 1.725 134 2.090 2,242 0.364
Britain 2.215 419 2.289 3,209 0.074
Czech 1.941 472 2.232 2,056 0.291
Denmark 1.726 394 2.096 3,819 0.370
Estonia 2.057 493 2.220 3,682 0.162
Finland 2.019 437 2.007 2,702 -0.012
France 1.707 269 2.010 2,783 0.303
Ireland 2.181 356 2.302 1,809 0.121
Italy 1.772 253 2.022 1,546 0.249
Japan 1.380 511 1.604 2,260 0.223
Korea 1.741 508 1.855 1,464 0.114
Netherlands 1.839 438 2.138 2,317 0.300
Norway 1.631 293 1.929 2,489 0.299
Poland 1.941 1,303 2.166 1,890 0.226
Russia 1.899 308 1.959 1,075 0.060
Slovak 1.801 231 1.957 1,723 0.156
Spain 1.838 409 2.050 1,705 0.212
Sweden 1.878 272 2.076 2,363 0.197
USA 2.414 280 2.132 700 -0.282
Total 1.923 8,480 2.069 46,973 0.136

Numeracy Skills
Temporary Sample Size Permanent Sample Size Diff (Perm-Temp)

Australia 2.138 451 2.226 2,589 0.088
Austria 1.762 184 1.980 2,079 0.218
Belgium 1.892 111 1.912 1,889 0.020
Britain 1.998 371 2.130 2,945 0.132
Czech 1.896 434 2.164 1,982 0.268
Denmark 1.753 320 1.947 3,281 0.194
Estonia 1.776 394 2.016 3,206 0.241
Finland 1.945 386 2.158 2,563 0.213
France 1.714 222 2.028 2,456 0.314
Ireland 1.962 314 2.130 1,658 0.169
Italy 1.887 144 1.960 1,118 0.074
Japan 1.675 512 1.953 2,303 0.278
Korea 1.908 418 2.249 1,329 0.341
Netherlands 1.798 371 1.981 1,964 0.183
Norway 1.681 226 1.876 2,240 0.195
Poland 1.915 1,081 2.032 1,593 0.117
Russia 1.780 250 1.846 940 0.067
Slovak 2.096 222 2.100 1,677 0.004
Spain 1.715 269 2.120 1,406 0.405
Sweden 1.706 218 1.856 2,103 0.151
USA 2.275 270 2.335 680 0.060
Total 1.900 7,168 2.048 42,001 0.147
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Table A1 (ctd):  Job Content by Country by Contract Type

Country ICT Skills
Temporary Sample Size Permanent Sample Size Diff (Perm-Temp)

Australia 2.129 445 2.237 2,325 0.108
Austria 1.994 163 1.940 1,896 -0.054
Belgium 1.986 105 2.031 1,812 0.044
Britain 1.986 352 2.270 2,809 0.284
Czech 2.095 281 2.066 1,472 -0.028
Denmark 1.895 326 2.122 3,181 0.226
Estonia 2.059 291 2.199 2,392 0.140
Finland 1.740 334 1.915 2,308 0.174
France 1.706 187 1.949 2,161 0.242
Ireland 1.937 274 2.213 1,525 0.276
Italy 2.121 105 2.118 996 -0.003
Japan 1.424 379 1.786 1,848 0.362
Korea 2.078 374 2.484 1,196 0.406
Netherlands 1.847 361 2.136 2,077 0.289
Norway 1.597 236 1.978 2,225 0.381
Poland 1.876 704 2.064 1,197 0.188
Russia 1.855 191 1.839 673 -0.016
Slovak 2.103 140 2.080 1,169 -0.023
Spain 1.768 169 2.084 1,142 0.316
Sweden 1.650 213 1.898 2,122 0.247
USA 2.076 260 2.415 620 0.339
Total 1.910 5,890 2.087 37,146 0.177

Note:  Total sample sizes reflect rounding of US sample sizes to the nearest 10.
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Table A2: Personal Characteristics by Country by Contract Type
Years of Schooling Completed

Country Temporary Sample Size Permanent Sample Size Diff (Perm-Temp)
Australia 15.716 517 14.967 2,959 -0.749
Austria 12.259 255 12.328 2,621 0.069
Belgium 13.060 165 13.021 2,563 -0.039
Britain 13.355 479 13.249 3,526 -0.106
Czech 13.429 524 13.482 2,215 0.053
Denmark 13.305 432 13.017 3,998 -0.288
Estonia 12.820 527 12.587 3,899 -0.233
Finland 13.348 450 12.984 2,796 -0.364
France 11.924 355 11.883 3,232 -0.041
Ireland 15.760 426 15.695 2,041 -0.065
Italy 11.292 292 11.584 1,686 0.293
Japan 12.899 658 13.404 2,639 0.505
Korea 13.494 595 14.091 1,579 0.597
Netherlands 13.267 552 13.688 2,536 0.421
Norway 14.362 315 14.498 2,596 0.136
Poland 13.084 1,496 13.909 2,051 0.825
Russia 14.293 333 14.226 1,204 -0.066
Slovak 13.608 349 13.882 2,135 0.274
Spain 11.364 504 12.588 1,891 1.223
Sweden 12.427 293 12.608 2,457 0.180
USA 15.329 300 14.294 790 -1.034
Total 13.461 9,817 13.318 51,414 -0.143

Years of Actual Labor Market Experience
Temporary Sample Size Permanent Sample Size Diff (Perm-Temp)

Australia 16.978 517 18.967 2,959 1.989
Austria 10.216 255 19.720 2,307 9.504
Belgium 10.167 165 20.582 2,300 10.415
Britain 16.816 479 19.844 3,291 3.028
Czech 14.019 524 20.004 1,916 5.985
Denmark 14.009 432 22.501 3,656 8.492
Estonia 16.068 527 19.748 3,053 3.680
Finland 11.276 450 20.106 2,629 8.830
France 11.195 355 20.238 2,780 9.043
Ireland 14.661 426 18.153 1,881 3.492
Italy 12.141 292 19.203 1,278 7.062
Japan 20.311 658 18.337 2,410 -1.974
Korea 12.415 595 13.797 1,401 1.382
Netherlands 10.263 552 21.171 2,368 10.909
Norway 10.617 315 19.730 2,498 9.113
Poland 12.040 1,496 18.501 1,617 6.461
Russia 19.150 333 17.678 974 -1.472
Slovak 13.068 349 19.690 1,783 6.622
Spain 12.106 504 19.170 1,537 7.064
Sweden 11.161 293 21.405 2,284 10.244
USA 21.735 300 20.514 790 -1.221
Total 14.371 9,817 19.550 51,414 5.179
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Table A2 (ctd): Personal Characteristics by Country by Contract Type
Numeracy Test Score

Country Temporary Sample Size Permanent Sample Size Diff (Perm-Temp)
Australia 288.105 517 279.014 2,959 -9.09
Austria 281.045 255 279.490 2,621 -1.56
Belgium 288.458 165 287.224 2,563 -1.23
Britain 264.151 479 277.153 3,526 13.00
Czech 276.153 524 279.706 2,215 3.55
Denmark 283.538 432 286.403 3,998 2.86
Estonia 272.389 527 277.533 3,899 5.14
Finland 293.102 450 290.811 2,796 -2.29
France 255.077 355 262.366 3,232 7.29
Ireland 259.668 426 268.032 2,041 8.36
Italy 247.595 292 256.076 1,686 8.48
Japan 285.149 658 293.861 2,639 8.71
Korea 270.884 595 273.256 1,579 2.37
Netherlands 287.957 552 286.792 2,536 -1.16
Norway 272.698 315 287.466 2,596 14.77
Poland 261.385 1,496 270.001 2,051 8.62
Russia 280.867 333 272.939 1,204 -7.93
Slovak 279.437 349 286.272 2,135 6.84
Spain 246.695 504 260.585 1,891 13.89
Sweden 278.464 293 287.651 2,457 9.19
USA 272.938 300 267.777 790 -5.16
Total 272.410 9,817 277.932 51,414 5.52
Country Literacy Test Score

Temporary Sample Size Permanent Sample Size Diff (Perm-Temp)
Australia 300.074 517 290.608 2,959 -9.47
Austria 281.396 255 274.063 2,621 -7.33
Belgium 289.188 165 282.625 2,563 -6.56
Britain 279.635 479 284.977 3,526 5.34
Czech 277.308 524 277.850 2,215 0.54
Denmark 280.234 432 277.658 3,998 -2.58
Estonia 280.460 527 278.813 3,899 -1.65
Finland 301.167 450 295.398 2,796 -5.77
France 266.268 355 267.240 3,232 0.97
Ireland 271.445 426 278.081 2,041 6.64
Italy 246.173 292 256.460 1,686 10.29
Japan 291.757 658 301.463 2,639 9.71
Korea 277.042 595 280.924 1,579 3.88
Netherlands 294.178 552 290.164 2,536 -4.01
Norway 280.707 315 285.280 2,596 4.57
Poland 269.019 1,496 276.361 2,051 7.34
Russia 281.979 333 279.047 1,204 -2.93
Slovak 275.967 349 280.989 2,135 5.02
Spain 255.701 504 263.980 1,891 8.28
Sweden 279.581 293 288.567 2,457 8.99
USA 286.430 300 280.320 790 -6.11
Total 278.672 9,817 280.542 51,414 1.87
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Table A2 (ctd): Personal Characteristics by Country by Contract Type
Incidence of Managerial Jobs

Country Temporary Sample Size Permanent Sample Size Diff (Perm-Temp)
Australia 0.112 517 0.122 2,959 0.010
Austria 0.033 255 0.061 2,621 0.028
Belgium 0.036 165 0.083 2,563 0.047
Britain 0.057 479 0.129 3,526 0.072
Czech 0.040 524 0.062 2,215 0.022
Denmark 0.044 432 0.062 3,998 0.018
Estonia 0.050 527 0.087 3,899 0.037
Finland 0.015 450 0.041 2,796 0.027
France 0.024 355 0.092 3,232 0.069
Ireland 0.026 426 0.074 2,041 0.048
Italy 0.010 292 0.013 1,686 0.004
Japan 0.033 658 0.083 2,639 0.050
Korea 0.029 595 0.039 1,579 0.010
Netherlands 0.051 552 0.124 2,536 0.073
Norway 0.014 315 0.088 2,596 0.075
Poland 0.033 1,496 0.095 2,051 0.062
Russia 0.110 333 0.073 1,204 -0.037
Slovak 0.032 349 0.062 2,135 0.029
Spain 0.008 504 0.041 1,891 0.034
Sweden 0.026 293 0.064 2,457 0.038
USA 0.078 300 0.104 790 0.026
Total 0.043 9,817 0.076 51,414 0.033

Incidence of Professional/Technical Jobs
Temporary Sample Size Permanent Sample Size Diff (Perm-Temp)

Australia 0.508 517 0.380 2,959 -0.129
Austria 0.420 255 0.372 2,621 -0.047
Belgium 0.422 165 0.402 2,563 -0.020
Britain 0.351 479 0.305 3,526 -0.047
Czech 0.300 524 0.302 2,215 0.002
Denmark 0.446 432 0.436 3,998 -0.010
Estonia 0.371 527 0.368 3,899 -0.003
Finland 0.422 450 0.418 2,796 -0.004
France 0.343 355 0.375 3,232 0.032
Ireland 0.365 426 0.386 2,041 0.021
Italy 0.242 292 0.321 1,686 0.079
Japan 0.222 658 0.302 2,639 0.080
Korea 0.294 595 0.330 1,579 0.036
Netherlands 0.333 552 0.429 2,536 0.096
Norway 0.390 315 0.419 2,596 0.029
Poland 0.270 1,496 0.388 2,051 0.119
Russia 0.384 333 0.407 1,204 0.023
Slovak 0.288 349 0.382 2,135 0.094
Spain 0.244 504 0.320 1,891 0.075
Sweden 0.361 293 0.446 2,457 0.085
USA 0.606 300 0.456 790 -0.150
Total 0.356 9,817 0.378 51,414 0.023
Total sample sizes reflect rounding of US sample size to the nearest 10.
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Table A3: Selected  Log Hourly Earnings Regression Results, Wage and Salary Workers, Pooled 
Sample of 21 Countries

Men and Women Pooled Men Women

Female -0.1621** -0.1549**
(0.0186) (0.0176)

Years of Schooling 0.0486** 0.0433** 0.0532**
(0.0039) (0.0040) (0.0044)

Experience 0.0293** 0.0349** 0.0244**
(0.0029) (0.0036) (0.0027)

Experience Squared -0.0004** -0.0005** -0.0003**
(0.0000) (0.0001) (0.0000)

Numeracy Test Score 0.0011** 0.0012** 0.0011**
(0.0001) (0.0002) (0.0002)

Literacy Test Score 0.0005** 0.0006+ 0.0005**
(0.0002) (0.0003) (0.0001)

Immigrant -0.0417* -0.0235 -0.0578*
(0.0195) (0.0203) (0.0221)

Influence 0.0336* 0.0195+ 0.0285 0.0117 0.0329** 0.0223**
(0.0118) (0.0100) (0.0168) (0.0144) (0.0081) (0.0072)

Reading 0.0726** 0.0261** 0.0592** 0.0179+ 0.0848** 0.0345**
(0.0104) (0.0089) (0.0103) (0.0094) (0.0128) (0.0114)

Writing 0.0030 0.0075 0.0015 0.0088 0.0058 0.0063
(0.0097) (0.0080) (0.0112) (0.0091) (0.0107) (0.0088)

Task Discretion 0.0512** 0.0345** 0.0601** 0.0351** 0.0402** 0.0320**
(0.0051) (0.0050) (0.0067) (0.0066) (0.0061) (0.0059)

Planning 0.0069 -0.0013 0.0048 0.0012 0.0108 -0.0041
(0.0082) (0.0057) (0.0121) (0.0094) (0.0064) (0.0049)

Numeracy 0.0000 0.0033 0.0152* 0.0176* -0.0159* -0.0080
(0.0043) (0.0044) (0.0057) (0.0062) (0.0063) (0.0053)

ICT 0.0724** 0.0477** 0.0761** 0.0500** 0.0687** 0.0462**
(0.0089) (0.0065) (0.0096) (0.0061) (0.0106) (0.0092)

N 33803 33803 16174 16174 17629 17629
Adjusted R squared 0.4365 0.5378 0.3694 0.4835 0.4749 0.5619
+,*,** denote significant at 10%, 5% and 1% level, respectively.
Sample includes only those with hourly earnings values greater than or equal to $2 and less
than or equal to $500. 
Regressions also include country dummy variables.  Adjusted sampling weights
are used with each country receiving equal weight.  Standard errors clustered 
at the country level.  Sample sizes reflect rounding of US sample sizes to the nearest 10.
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Table A4:  Job Content Regression Results, Sample Pooled by Country and Gender

Influence Reading Writing Task
Discretion

Years of Schooling 0.0422** 0.0692** 0.0441** 0.0223**
(0.0036) (0.0046) (0.0030) (0.0024)

Immigrant -0.0918** -0.0654** 0.0038 -0.0627**
(0.0202) (0.0199) (0.0175) (0.0128)

Female -0.1877** -0.1925** -0.1389** -0.0683**
(0.0130) (0.0156) (0.0170) (0.0125)

Experience 0.0194** 0.0146** 0.0143** 0.0117**
(0.0026) (0.0023) (0.0025) (0.0024)

Experience Squared -0.0004** -0.0003** -0.0003** -0.0001**
(0.0001) (0.0000) (0.0000) (0.0000)

Numeracy Test Score 0.0010* 0.0009** 0.0004 0.0007*
(0.0004) (0.0003) (0.0003) (0.0003)

Literacy Test Score -0.0006 -0.0001 0.0001 -0.0000
(0.0004) (0.0003) (0.0003) (0.0003)

Government Employment -0.0055 0.0697** -0.0069 -0.1474**
(0.0198) (0.0128) (0.0173) (0.0154)

Mining/Construction 0.1267* 0.0713 0.1258* 0.0300
(0.0512) (0.0461) (0.0495) (0.0562)

Manufacturing 0.0384 0.0235 0.1693** -0.0491
(0.0590) (0.0344) (0.0427) (0.0530)

Transportation/Commun. 0.0138 0.1620** 0.2437** -0.0395
(0.0612) (0.0421) (0.0427) (0.0532)

Trade 0.2294** 0.1546** 0.0731 0.0006
(0.0455) (0.0416) (0.0475) (0.0541)

Food Service and Hotels 0.1800** -0.1268* -0.0693 -0.0462
(0.0504) (0.0573) (0.0561) (0.0542)

Finance, Ins., Real Est. 0.1499* 0.3108** 0.3191** -0.0260
(0.0550) (0.0473) (0.0520) (0.0546)

Prof., Admin Svcs. -0.0336 0.1553** 0.2609** 0.0194
(0.0550) (0.0349) (0.0381) (0.0598)

Public Admin 0.0426 0.2152** 0.3583** -0.0124
(0.0590) (0.0346) (0.0474) (0.0500)

Education 0.5864** 0.2095** 0.0418 -0.0829
(0.0650) (0.0389) (0.0465) (0.0590)

Health 0.1416* 0.0681+ 0.3708** -0.1517*
(0.0662) (0.0386) (0.0461) (0.0539)

Other Svcs. 0.0959+ 0.1267** 0.0083 0.1375*
(0.0484) (0.0418) (0.0550) (0.0633)
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Table A4:  Job Content Regression Results, Sample Pooled by Country and Gender (ctd)

Influence Reading Writing Task
Discretion

Manager 1.2656** 1.2150** 1.0902** 0.6835**
(0.0462) (0.0519) (0.0598) (0.0341)

Professional 0.8727** 1.1163** 0.8700** 0.3119**
(0.0371) (0.0464) (0.0371) (0.0327)

Technical Occ. 0.7327** 0.9930** 0.8809** 0.2930**
(0.0350) (0.0455) (0.0412) (0.0353)

Clerical 0.4481** 0.8270** 0.7252** 0.1781**
(0.0497) (0.0468) (0.0372) (0.0359)

Sales, Serv. Occ. 0.5854** 0.6047** 0.5411** 0.0646*
(0.0334) (0.0377) (0.0339) (0.0289)

Skilled Agric Occ 0.3321** 0.4205** 0.2380** 0.1117
(0.0652) (0.0740) (0.0744) (0.0705)

Craft 0.2220** 0.3783** 0.3448** -0.0283
(0.0300) (0.0351) (0.0389) (0.0275)

Operative 0.0050 0.2247** 0.2369** -0.2618**
(0.0363) (0.0348) (0.0369) (0.0292)

Permanent Job (Perm) -0.3427* -0.3934** -0.3487** 0.0457
(0.1289) (0.0953) (0.0966) (0.0987)

Perm*EPL 0.2076** 0.2754** 0.1639** 0.0141
(0.0698) (0.0514) (0.0495) (0.0476)

Perm*CBCOV -0.0620 -0.1428+ 0.0310 0.0041
(0.1104) (0.0794) (0.0721) (0.0747)

Perm*PRODREG -0.0340 -0.0760** 0.0153 -0.0074
(0.0209) (0.0189) (0.0584) (0.0115)

N 55767 58055 53319 59081
Adjusted R sq .2674 .3591 0.2093 0.1692
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Table A4:  Job Content Regression Results, Sample Pooled by 
Country and Gender (ctd)

Planning Numeracy ICT

Years of Schooling 0.0204** 0.0406** 0.0520**
(0.0032) (0.0033) (0.0044)

Immigrant -0.0742** 0.0505* 0.0820**
(0.0219) (0.0220) (0.0211)

Female -0.0670** -0.1641** -0.1090**
(0.0131) (0.0249) (0.0146)

Experience 0.0234** 0.0072** 0.0120**
(0.0031) (0.0020) (0.0032)

Experience Squared -0.0004** -0.0002** -0.0003**
(0.0001) (0.0000) (0.0001)

Numeracy Test Score 0.0008** 0.0039** 0.0009*
(0.0003) (0.0003) (0.0004)

Literacy Test Score -0.0001 -0.0017** 0.0010*
(0.0003) (0.0004) (0.0004)

Government Employment -0.0469* -0.1235** -0.1541**
(0.0208) (0.0158) (0.0226)

Mining/Construction 0.1477* 0.2034** 0.3010**
(0.0598) (0.0399) (0.0609)

Manufacturing 0.0474 0.2113** 0.2475**
(0.0653) (0.0421) (0.0626)

Transportation/Commun. 0.0036 -0.0085 0.3783**
(0.0787) (0.0378) (0.0636)

Trade 0.0416 0.2515** 0.1568*
(0.0608) (0.0403) (0.0647)

Food Service and Hotels 0.1843* 0.0625 0.0081
(0.0759) (0.0445) (0.0758)

Finance, Ins., Real Est. -0.0695 0.3162** 0.4557**
(0.0710) (0.0515) (0.0671)

Prof., Admin Svcs. -0.0686 0.1439** 0.3300**
(0.0653) (0.0404) (0.0543)

Public Admin -0.0281 -0.2007** 0.2920**
(0.0696) (0.0423) (0.0600)

Education 0.2695** -0.2605** 0.0220
(0.0804) (0.0445) (0.0624)

Health 0.0831 -0.4163** -0.2194**
(0.0694) (0.0426) (0.0617)

Other Svcs. -0.0003 -0.2610** 0.1488*
(0.0658) (0.0523) (0.0631)
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Table A4:  Job Content Regression Results, Sample Pooled by Country and Gender (ctd)

Planning Numeracy ICT

Manager 0.8944** 0.9938** 1.1693**
(0.0514) (0.0463) (0.0615)

Professional 0.4692** 0.7337** 0.8744**
(0.0376) (0.0434) (0.0494)

Technical Occ. 0.4253** 0.7727** 0.8618**
(0.0307) (0.0408) (0.0539)

Clerical 0.2379** 0.7140** 0.8445**
(0.0369) (0.0355) (0.0690)

Sales, Serv. Occ. 0.1932** 0.3702** 0.3244**
(0.0288) (0.0253) (0.0458)

Skilled Agric Occ 0.3830** 0.1946* 0.2662*
(0.0697) (0.0692) (0.1254)

Craft 0.1198** 0.0715* 0.0364
(0.0206) (0.0323) (0.0534)

Operative -0.0224 0.0752+ -0.1787**
(0.0304) (0.0407) (0.0469)

Permanent Job (Perm) -0.3233** -0.1544 0.3133**
(0.0711) (0.1013) (0.0601)

Perm*EPL 0.1999** 0.1131+ -0.0201
(0.0441) (0.0588) (0.0561)

Perm*CBCOV -0.0598 -0.1332 -0.1401
(0.0725) (0.0859) (0.1106)

Perm*PRODREG -0.0168 0.0201 -0.0541
(0.0151) (0.0236) (0.0354)

N 55453 49179 43036
Adjusted R sq 0.1281 0.2224 0.282
+,*,** denote significant at 10%, 5% and 1% level, respectively.
Regressions also include country dummy variables.  Adjusted sampling weights
are used with each country receiving equal weight.  Standard errors clustered 
at the country level.    The omitted industry is agriculture, and the omitted
occupation is elementary occupations.  Sample sizes reflect rounding of
US sample size to the nearest 10.
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Table A5:  Selected Regression Results for Job Content Variables, Pooled 19 Country Sample, USA and Australia Out (Men and Women 
Pooled)

Task Task
Influence Influence Reading Reading Writing Writing Discretion Discretion

Variable

perm -0.0575 -0.0514 -0.1983 -0.2140 -0.1336 -0.1025 -0.1193 -0.1178
(0.1308) (0.1394) (0.1479) (0.1652) (0.1065) (0.1121) (0.1140) (0.1096)

perm*EPL 0.0592 0.0879 0.1197+ 0.2021** 0.0959* 0.0580 0.0770 0.0782
(0.0505) (0.0625) (0.0571) (0.0668) (0.0444) (0.0539) (0.0454) (0.0462)

perm*CBCOV -0.0357 -0.1201+ 0.0691 -0.0010
(0.0940) (0.0660) (0.0671) (0.0711)

perm*PRODREG -0.0387+ -0.0800** 0.0146 -0.0028
(0.0185) (0.0191) (0.0564) (0.0097)

N 51376 51376 53570 53570 49040 49040 54628 54628
Adjusted R squared 0.2553 0.2553 0.3584 0.3587 0.2046 0.2046 0.1726 0.1725

Planning Planning Numeracy Numeracy ICT ICT
perm -0.1946+ -0.2096 0.1132 0.0340 0.3723* 0.3290*

(0.0940) (0.1236) (0.1687) (0.1461) (0.1476) (0.1346)
perm*EPL 0.1250** 0.1566* -0.0147 0.0344 -0.1066+ -0.0253

(0.0373) (0.0654) (0.0683) (0.0689) (0.0577) (0.0734)
perm*CBCOV -0.0528 -0.1169 -0.1305

(0.0813) (0.0772) (0.1116)
perm*PRODREG -0.0216+ 0.0187 -0.0552

(0.0122) (0.0244) (0.0323)
N 51247 51247 45179 45179 39386 39386
Adjusted R squared 0.1204 0.1204 0.2258 0.2259 0.2766 0.2767

+,*,** significant at 10%, 5% and 1% levels, respectively.
Controls include years of schooling, experience and its square, immigrant dummy, numeracy test score, literacy test score,
government employment dummy, industry, occupation and country dummies, and a female dummy variable.
Adjusted sampling weights used, where each country receives the same weight.  Standard errors clustered at the country level.


