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Abstract 

Do men and women receive different pay-offs, in terms of wage, from 

cognitive skills in the Swedish labor market? To answer this, the classical Mincer 

equation is expanded with a variable for cognitive skills (literacy and numeracy) 

and an interaction term between being a male and cognitive skills to be able to 

distinguish the actual difference in pay-off. I use data from OECD’s PIAAC survey 

of adult skills, which provides a unique opportunity to examine gender pay-off 

differences concerning cognitive skills. The results show that men have a larger 

pay-off than women once occupation is sufficiently controlled for. 
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1. Introduction 

Even though Sweden prides itself of being one of the most equalized countries in 

the world considerable evidence suggests that there is a sustained gender wage 

gap, see SCB (2013). Gender wage differences are maintained by forces in the 

labor market and have been the focus of many studies over the years. In order to 

be able to determine what the differences depend on one must be able to map 

the productivity of the workers. The most popular theory for explaining wage 

structures in the labor market has been the human capital theory, cf. Jacob 

Mincer’s article "Investment in Human Capital and Personal Income 

Distribution" (1958). The theory has since then been the baseline for the 

research that has been conducted in this field. Human capital is what determines 

workers productivity in this theory and it is a latent variable that needs to be 

proxied with measurable variables. In the vast majority of the literature, this has 

primarily been done with the help of years of schooling and work experience. 

This has been convenient for researchers because of the frequent appearance of 

these variables together with earnings in surveys. Using years of schooling is 

however not without problem since an individual’s choice of education might be 

affected by his/her ability; according to human capital theory a more able 

individual will choose to invest in more education. Leaving out a variable that 

describes innate ability from the equation leads to biased measurements. 

Cognitive ability is partly an innate ability that could be argued to be the most 

important to posses in a developed country’s labor market.  

 

The use of cognitive ability to measure workers ability has been covered in many 

studies over the years, (see Section 1.1 for examples), but limitations in Swedish 

data, which usually do not include measures of cognitive ability for women, has 

left the gender aspect of this issue unexplored. Studies concerning cognitive 

ability have had to rely on specialized data sets, unlike the case where education 

is the prime variable of interest. The “Programme for the International 

Assessment of Adult Competencies” (PIAAC) data-set, which will be used in this 

thesis, is unique in this sense. Even if individuals’ abilities are often tested in 
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school there are not many data-sets that follow them in to the labor market, 

where pay-offs from these skills are observable. The research that has been 

conducted on the Swedish labor force concerning cognitive ability has in many 

cases had to rely on data from the Swedish enlistment assessment test, (see 

Lindquist and Vestman (2011), and Nordin (2008),) a dataset that does not 

include a reliable sample of the female population. There has therefore been very 

little done to map the differences between men and women with respect to wage 

pay off from cognitive ability. If discrimination is present in the labor market it 

will manifest itself through men and women receiving different pay-offs from the 

same endowment in human capital variables, when applied to the same type of 

jobs. This thesis will add to the current literature by adding a more reliable 

proxy for ability than what has been available up until now and to map the 

differences in pay-offs that men and women receive from application of their 

skills in the Swedish labor market.  

 

In this thesis I will answer the question:   

 Do men and women receive different pay-offs, in terms of wages 

from cognitive skills, in the Swedish labor market? 

Cognitive ability is defined as a person’s ability to process information and apply 

knowledge; ability and cognitive skills will be used interchangeably with 

cognitive ability throughout this thesis. 

 

To answer the question the Mincer equation will be applied with numeracy and 

literacy measures from PIAAC added to capture an individual’s cognitive ability. 

Further, the difference in pay-off from cognitive skills that men and women 

experience will be estimated. The results show that men have a higher return to 

cognitive ability in terms of wage when occupation is sufficiently controlled for. 

The analysis does also include a discussion of the impact that including cognitive 

ability have on the other covariates that are usually included in the Mincer 

equation.  
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In the first section I will go through some of the previous literature concerning 

the effects of cognitive abilities on wages and wage differences in the Swedish 

labor market. Section two will provide a description of the data. The third section 

contains methodological considerations. In section I four will present the results 

and in section five I will draw the conclusions. 

1.1 Earlier Research 

Research concerning the effects of cognitive skills on wages has been around for 

some time. Economists have used measures of cognitive skills both for technical 

reasons, as control variables to avoid omitted variable bias, and to proxy a 

worker’s productivity. The literature is however far from conclusive on the 

effects that cognitive ability has on wages. For example Bronars and Oettiger 

(2006), Green and Ridell (2003), Murnane et al. (1995), do find that cognitive 

ability has a substantial impact on wages, while Bound et al. (1986) find that it 

barely has any effect at all. The inconclusiveness does also hold true for studies 

concerning differences in pay-offs for cognitive skills in subgroups in the labor 

markets. E.g. Cawley et al. (2001) find a significant difference between men and 

women in the US labor market, while Antoni and Heineck (2012) did not find this 

in the German market. 

 

The gender wage gap in Sweden has been the topic of a large number of papers. 

Data including variables for cognitive ability has largely been unavailable for 

research of the Swedish labor market with the major exception of data from the 

military enlistment; these do however not include a sample that can represent 

the female part of the population. Articles written about the wage effect of 

cognitive ability have however shown that cognitive ability does have a 

significant impact on wages in the Swedish labor market, see Lindqvist and 

Vestman (2011), Nordin (2008), and Mellander and Sandgren-Massih (2008). 

 

Hanushek et al. (2013) uses PIAAC data to assess the pay-off to skill in OECD 

countries. For Sweden they find that both Literacy and Numeracy does have a 

significant effect on wages. Literacy does have a slightly higher return than 

numeracy. They also test the difference between men and women’s pay-off to 
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cognitive skills and find no evidence of such a difference. Hanushek et al. (op.cit) 

did however test the model with years of work experience as the only control 

variable. In this thesis we treat cognitive ability as a complement and not a 

substitute to formal education also we will use controls for the occupation of the 

individual. They also did not have access to a continuous measure of wage, and 

thus had to rely their calculations on wage expressed in deciles.  

 

Meyerson and Petersen (1997) used a dataset where a refined division of 

occupation was available; they find that when occupation is fully controlled for 

the gender wage gap in Sweden is almost completely accounted for. This is 

explained by men and women sorting themselves into different sectors and 

industries; the wage gap that exists is due to differences in sector and industry 

wage setting practices with men being overrepresented in sectors and industries 

with higher wages. 

1.2 Human capital theory 

When researching wage structures, human capital theory is one of the most 

influential and utilized theories. Human capital theory has its roots in Adam 

Smith’s theory about compensated wage differences and provides tools to 

analyze wage differences between workers with different educational and 

experience backgrounds. The theory is the baseline theory for explaining 

workers’ productivity on the labor market.  

 

A worker’s productivity is what determines a workers’ wage according to human 

capital theory; productivity in turn is determined by the skills that an individual 

possesses, partially obtained through human capital investments, e.g. formal 

education.  But there are also abilities that affect a person’s productivity that are 

not obtained through investments, but are rather the innate ability of a person; 

cognitive ability is such an innate ability, even if it to some extent will be affected 

by human capital investments.  

 

Direct measures of skills (cognitive ability), are best seen as complements, rather 

than as substitutes, to indirect measures of human capital (educational 
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attainment). Both constitute important parts in the determination of an 

individual’s human capital endowment (OECD 2013). Studies that rely only on 

the measurement of years of schooling will have to assume that the choice of 

educational attainment also completely captures the effect that direct abilities 

has on wages, in order to avoid omitted variable bias. Attempts have been made 

to proxy ability with background variables, such as parents’ education, to reduce 

the ability bias. Using those kinds of proxies has however been shown by 

Mellander and Sandgren-Massih (2008) to not reduce the ability bias to any large 

extent. 

 

The theory of human capital does however fail to explain some heterogeneity in 

the wage determination. Belonging to certain subgroups has frequently been 

pointed out as being prone being at risk of facing labor-market discrimination. 

Discrimination can be either statistical or taste-based. In statistical 

discrimination there is a lack of direct information about a worker’s productivity, 

the employer will try to handle this lack of information with the help of group 

averages.  If for example men would have a higher mean cognitive ability and 

receives a higher pay-off for it than women one could suspect that there is 

statistical discrimination. In taste-based discrimination the employer sees an 

extra cost in hiring a worker from the discriminated group. If a group is 

discriminated it will receive a pay-off that is not in accordance with its 

productivity and, thus, its human capital attainment. 

  



Victor Sowa  Supervisor: Erik Mellander 
Spring-14 
Uppsala University 
 

6 
 

2. Data 

2.1 Description 

The data are collected from the OECD’s PIAAC survey. PIAAC “assesses the 

proficiency of adults from age 16 and onwards in literacy, numeracy and 

problem solving in technology-rich environments.” The idea is that these skills 

are “key information-processing competencies” that are relevant in both social 

and professional contexts. These skills are vital to be fully integrated and 

participating in the labor market”. (PIAAC 2013) 

 

166,000 individuals between the ages of 16 to 65 were surveyed in 24 countries 

in between 2011 and 2012. Of these 4,469 individuals are from Sweden, which is 

the sample that I will concentrate my analysis on. The Swedish sample is 

administrated by Statistics Sweden (SCB). The response rate for Sweden was 46 

percent; SCB has devoted considerable effort to make sure that there are no 

systematic biases and SCB’s non-response analysis shows that the data gives an 

accurate picture of the Swedish adult population (SCB 2013).  

 

From this sample I will drop all individuals that are unemployed or self-

employed. The self-employed are dropped because the wage equation used in 

the empirical analysis is formulated for wage-takers. By dropping the 

unemployed, I limit my analysis, and the resulting conclusion, to workers with a 

job, rather than workers in general. The remaining sample consists of 2,898 

observations. They refer to the period 2011-2012 when the PIAAC survey was 

carried out; the dataset is thus cross-sectional. 

 

This dataset allows me to test for the effects of cognitive skills in different ages, 

as opposed to earlier studies of Sweden, which used results from the military 

enlistment assessment tests. Another difference is that my dataset does also 

include females, which the military assessment test did not to any larger extent. 
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The variables that describe a respondent’s cognitive ability are derived from 

his/her scores in the tests for literacy, numeracy and problem solving, in a 

technology-rich environment.  For each of these three tests the respondent 

receives a score on a 500-point scale. From this score ten plausible values are 

calculated, see section 2.2 for a short description of plausible values, which 

represent the respondents aptitude in each of the tested areas.   

 

Besides the cognitive variables (numeracy, literacy and problem solving) the 

data-set also includes a large variation of background-variables, in total 1298 

variables.    

 

Ideally, the data on cognitive ability should have been collected at a pre-school 

age, to make sure that the ability measurement has not been affected by 

investments in human capital. There is a consensus that cognitive ability, or at 

least the performance on ability tests is affected by schooling and this will to 

some degree affect the results in this thesis. Because of this cognitive ability 

cannot be regarded as exogenously given, workers can affect their cognitive 

ability in order to obtain a higher wage. This means that when assessing the 

impact of cognitive ability on wages, I have to control for factors that can affect 

an individual’s skills.  

2.2 Plausible values 

Determining a person ability level is not as easy as determining other personal 

characteristics. A person’s proficiency in for example numeracy is a point on a 

continuous scale and to create a test to capture all aspects of this skill would be 

very hard and the resulting test would be too time consuming for the 

respondent. Instead larger assessment programs, such as PISA, TIMSS and 

PIAAC, make use of plausible values. Plausible values can be viewed as random 

draws from the skill distribution representing the respondent’s response 

pattern; the theory underlying this model is the Item Response Theory (IRT), see 

van der Linden and Hambleton (1997). 
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Formally, if the ability of the respondent is   and the response pattern is  , the 

probability of a response pattern given the person’s ability is       . If it is 

assumed that the distribution for the numeracy variable for the population 

follows a normal distribution,             it can be shown that the posterior 

distribution for each individual is given by       , where 

 

 
       

          

             
  

 

(1) 

In the PIAAC data-set ten plausible values are drawn from this conditional 

distribution for each individual. Since measure of the full aspect of this skill is not 

feasible these ten draws will account for the measurement error that is 

otherwise associated when measuring skills. This means that no value is the true 

value for the individual but all values are probable to describe the true value.  

(Wu 2005).  

3. Method 

The cognitive ability of an individual is hard to measure, the test score from 

OECD’s numeracy and literacy test will be used to proxy this. This is in line with 

the research that Hanushek et al. (2013) conducted on the PIAAC data set. The 

numeracy test is designed by OECD to test the respondents “ability to access, use, 

interpret, and communicate mathematical information and ideas in order to 

engage in and manage the mathematical demands of a range of situations in 

adult life” and the literacy test to assess the “ability to understand, evaluate, use 

and engage with written texts to participate in society, to achieve one’s goals, 

and to develop one’s knowledge and potential” (Hanushek et.al 2013). In the 

perfect setting I would have access to variables for ability that was collected at a 

young age, i.e. before entrance to education and the labor market. PIAAC tests 

the individual’s numeracy and literacy skills at an adult age, which causes the 

measurement to be contaminated by educational attainment, work experience 

and so forth. By controlling for the sources of contamination, the estimate of the 

effect will still be isolated at an acceptable level. This does however put more 



Victor Sowa  Supervisor: Erik Mellander 
Spring-14 
Uppsala University 
 

9 
 

stress on the assumption that cognitive ability will be uncorrelated with 

variables left out of the analysis 

3.1 The Mincer equation 

The Mincer equation is one of the most commonly used tools in empirical work 

based on the human capital theory and will serve as the baseline model for this 

research. In the classical definition of the equation (Equation 2) the logarithm of 

the hourly wage serves as the dependent variable and is in turn explained by an 

education variable and work experience that is meant to capture an individual’s 

productivity, 

 

                                                        
  

                                                         

 

In the classical Mincer equation the educational level of an individual is the 

explanatory variable of interest. This is assumed to give an indication of the 

individual’s human capital attainment, and thus productivity level.  In this thesis, 

however, the individual’s proficiency in numeracy and literacy will be used as a 

complement.  Education is still important to control for, however since there is 

reason to expect that proficiency in numeracy and literacy might also have an 

indirect effect on earnings through education (Dougherty 2003).  

 

To be able to distinguish if there is a difference in the payoff for ability between 

men and women, and to see if it is statistically significant separated from zero, I 

will use an interaction term. The regression equation will be defined as 

 

                 

                             

                                                    

     

where the dependent variable is the logarithm of the individual’s 

wage.                    is the plausible value of either the numeracy or the 

literacy assessment test, see Section 2.2 for description.    is the extra wage 
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resulting from one additional point in the test score for a female.       is a 

dummy variable that receives value 1 if the respondent is a male,   is the extra 

wage that is received from being male and   is the extra wage payoff that men 

receives from one extra point in the test score. The wage increase for one extra 

point in the test for a male is     and the extra wage for being a male and one 

extra point in the test score is  .  If    shows to be statistically significant it will 

mean that there is a difference in the payoff for ability between men and women, 

given that the equation has been successfully specified.    is a vector of control 

variables, see Section 3.3 for a full variable description. 

 

Since the Mincer equation is an OLS model the standard assumptions has to be 

fulfilled. I have to assume that none of the variables that control for human 

capital, (education, work experience and cognitive ability), are correlated with 

the error term   . This means that I have to include all control variables that can 

affect both wages and choices in human capital investments. The variables that I 

have chosen to include are presented in the Section 3.3. 

 

Performing multiple regressions with different control variables included in the 

specification will also test the robustness of the interaction term. 

 

There are reasons to believe that cognitive ability is correlated with years of 

schooling. Since the data is collected at a post-school age the measures of 

cognitive ability will be affected by educational attainment, and by post-

educational experiences both from the professional and personal life. Also, 

according to theory a more able individual will invest in more education. These 

factors could lead to a problem with multicollinearity in the models. A Variance 

Inflation Factor (VIF) test assesses this potential problem. If the VIF-test 

indicates that there is a problem with multicollinearity due to the simultaneous 

inclusion of cognitive ability, years of schooling and experience it should be 

interpreted as them explaining the same variance in wage. Problems with 

multicollinearity imply that the variables are not fitted to be used in the same 

model. 
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3.2 The PIAAC survey design 

The Swedish sample in PIAAC was gathered using stratified random sampling1, 

with simple random sampling within each stratum. When not using simple 

random sampling for the whole data-set, measures have to be made to i) make 

sure that the sample is a good indication of the target population and to ii) 

correctly calculate the point estimates and the standard errors for estimated 

statistics. If the sampling error associated with a stratification process is not 

taken in to account when calculating standard errors inference will be biased. A 

so called paired jackknife replicate procedure is used to address this sampling 

error. Jackknifing is useful when there are two-stage sampling, as in this case 

when first the stratums are sampled then the individuals within each stratum, 

and will give an unbiased estimate of the standard errors. 

 

The jackknifing replication procedure, which is carried out by the creation of 

control subsamples. In PIAAC 80 of these subsamples are created, each 

reweighted to mirror the design of the full sample. The statistic is then calculated 

for each subsample and for the full sample. The standard error for the full 

sample is then calculated as the square root of the sum of square difference 

between the replicate estimate of the statistic and the estimate of the statistic for 

the full sample. Formally;  

 

 

               
 

 

   

 

 

 

(5) 

where R is the number of replicates,     is the statistic of interest (e.g. regression 

coefficient) not involving plausible values calculated for replicate r,      is the 

jackknife estimator based on all replicate samples. This will mean that each 

calculation will have to be run 80 times. 

 

                                                        
1 Stratas used in Sweden are: gender, age, country of birth, level of education. 
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When also including plausible values, see Section 2.2, another dimension is 

added to the calculations. The measurement error that is associated with 

cognitive ability, see section 2.2, now also has to be accounted for. 

 

     
                                           

 

(6) 

 

    
                     

 

 

 

   

 

   

      
 

 
 
              

  
   

   
  

 

 

(7) 

where       
     

 
   

 
 and is the average of the jackknife estimators for each 

plausible value, P is the number of plausible values,       is the estimated statistic 

for replicate r and the     plausible value,        is the jackknife estimator based 

on all replicate samples for the     plausible value. This means that when using 

the full sample with plausible values each computation of the statistic of interest 

has to be repeated 810 times. 10 times for the calculation of       , then 80  for the 

replicate weights for each of the 10 plausible values. (Pokropek, Jakubowski 

2013). 

3.3 Variables 

The dependent variable used in the regression is the logarithm of the individual’s 

hourly wage (including bonuses) as advocated by the theory. By using the hourly 

wage, rather than monthly earnings, I can avoid measurement error arising 

because of differences in hours worked.  

 

The explanatory variable of interest is numeracy and literacy. Previous studies 

have shown that numeracy proficiency is a well-suited proxy to describe an 

individual’s ability. The test score is derived using plausible values. Dougherty 

(2003) used US data from the Armed Services Vocational Aptitude Test to study 

the effect that basic skills have on earnings. Dougherty showed that numeracy 

was strongly related to an individual’s wage and that it was a better measure in 

that sense than literary aptitude. Hanushek et al. (2013) show results that could 
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indicate that literacy has a larger impact on Swedish wages than numeracy. Both 

numeracy and literacy will be included in the analysis. The problem solving test 

score would have been interesting to use but it contains more missing values 

than the other two tests and gives me less possibility to compare my results to 

earlier studies.  

 

A dummy variable, which receives value one if the respondent is a male, will 

capture gender wage differences that are not due to differences in pay-off from 

cognitive ability. An interaction term between the numeracy variable and the 

male dummy will help me tell if the gender difference is related to cognitive 

skills, and, if so, if that variable part of the difference between men and women is 

statistically significant.  

 

Years of education, years of experience and years of experience squared are 

classically used in Mincer equations and will be used as control variables for 

human capital in this thesis as well.  Both educational attainment and experience 

are expressed in years. Years of experience squared is used to capture the 

diminishing return from one extra year of experience.  

 

A dummy variable for whether the respondent has at least one child will be 

included. This variable has in other studies been proven to affect men and 

women differently, see Lundberg and Rose (2002), Budig and England (2001), 

and is thus important to include to avoid omitted variable bias. 

 

An immigrant variable will be utilized, the definition of immigrant is a person not 

born in Sweden. The variable is a dummy that receives value one if the worker is 

born outside of Sweden. This variable will capture discriminatory effects as well 

as disparity in for example language skills. Being an immigrant in Sweden should 

according to earlier studies have a negative impact on wages, see for example le 

Grand and Szulkin (2002). 
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I will use a dummy-set to describe the skill use at work in an individual’s 

occupation. There are 4 categories: skilled, semi-skilled white collar, semi-skilled 

blue collar and elementary professions. Elementary professions are used as the 

reference category. The disparity within these groups should capture some of 

the variation that is due to men and women sorting themselves into different 

occupations. This has in previous research been proven to be one of the most 

important factors for male and female wage differences, see Morgan and 

Petersen (1995), Meyerson and Petersen (1997). It is vital for this research that 

the variation in wages caused by men and women being sorted in to different 

occupations is accounted for. A dummy for working in the private sector will also 

be utilized, the variable will receive value one if the respondent work in the 

private sector and value zero if the respondent either works in the public sector 

or in a non-profit organization. Men have a tendency to work in the private 

sector to a greater extent than women, see descriptive statistics in Table 3 and 4 

in Appendix. I will also include a dummy-set to specify the industry that the 

individual is currently employed in, the dummy set consist of 21 categories. A 

more detailed division in to occupations will also help explaining some of the 

variance in wage caused by compensated differences.  

3.4 Descriptive statistics 

The descriptive statistics are presented in Table 3 and 4 in Appendix. There are 

53 percent males in the sample.  

 

There are almost no mean differences between men and women in the variables 

that are meant to capture human capital attainment are very similar for males 

and females. Men have at average 11.8 years of schooling and 20.2 years of work 

experience, while women have 12.2 years of schooling and 18.46 years of work 

experience.   

 

The values for literacy and numeracy presented in Table 3 and Table 4 are 

calculated with plausible values using Equation 7 in section 3.2. A more detailed 

description of plausible values is found in Section 2.2. The average test score in 

the numeracy test is 285.7/277.5 with a standard deviation of 54.3/54.6 for 
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males/females. For literacy these numbers are 279.2/277.5 and 50.56/51.11. 

Numeracy skills is the proxy for cognitive ability advocated by previous studies 

in this field; see for example Hanuschek et al. (2013), Antoni et al. (2012).  A 

difference in male/female numeracy skill attainment is observable in all 

countries included in PIAAC. The difference in skill attainment will turn out as an 

explained part of the gender differences, a wage gap that is justified due to the 

skill attainment gap and thus affect the male dummy variable. In regressions 

where numeracy is included we will expect a lower estimate for the male dummy 

variable than when numeracy is excluded. Literacy skill attainment is however 

much more evenly distributed between men and women in Sweden. We would 

expect the male dummy to be much more robust at the exclusion of the literacy 

variable.  The distributions for the literacy and numeracy variables for the men 

and women are presented in Table 6 and 7 in the Appendix. 

 

The skill use at work dummy-set reveals a difference between men and women. 

In the skilled and elementary professions there is almost 50/50 male/female 

distribution but when looking at the semi-skilled levels we can see that blue 

collar occupation are heavily male dominated, with 18 percent of the males 

compared to 6 percent of the women, and the white collar occupations are 

female dominated, with 43 percent of the women compared to 35 percent of the 

males. We can also see a gender disparity when looking at the private sector 

variable. Males work in the private sector to a much larger extent than women, 

79 percent of the males compared to 50 percent of the women. These 

occupational and sector variables will together capture some of the variation in 

wage caused by men and women being sorted in to different occupations.  
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4. Results 

The previous research has, as already discussed, not been able to reach a 

consensus regarding the effects of cognitive abilities on wages. From the 

regressions in Table 1 and 2 in Appendix I can conclude that the cognitive ability 

of a person does in fact affect the wages in the Swedish labor market. Column 5 

in Table 1 shows that one extra standard deviation in numeracy, which is equal 

to 54.6 for males and 54.3 for women, translates into about a 3.72 percent 

increase in wages, everything else equal. The corresponding figure for literacy is 

3.93 percent. The R-squared value for the full model specification is 0.385, which 

should be interpreted as the model explaining 38.5 percent of the total variation 

in hourly wage in the Swedish labor market. This is in accordance with what is 

usually found in these types of studies. The coefficients for literacy is 

consistently larger than for numeracy but the literacy test scores have a 

narrower distribution, a smaller standard deviation, which makes the effect of 

these variables virtually identical on the Swedish labor market.  

 

In Table 1 and 2, the uncontrolled difference in men’s and women´s pay-off for 

cognitive skills are small and insignificant, in line with what Hanushek et al. 

(2013) found. However, the more detailed the description of the worker’s 

occupation becomes the more the coefficient of the interaction term is increased 

in magnitude, while the effect of cognitive ability for women decreases. In 

Column 4 where the dummy-set for industries is included the interaction term is 

significant at the ten percent level both for literacy and numeracy. Men receive 

higher pay-off for cognitive skills given the industry they work in and their skill 

use at work.  This could be explained by men traditionally sorting themselves in 

to professions where the marginal increase in cognitive ability implies a 

productivity increase, or a pay increase, different from the corresponding 

increases in the industries and occupations that women traditionally sort 

themselves into. The descriptive statistics in Tables 3 and 4 confirm that men 

and women are sort into different industries and occupations: at the highest skill 

                                                        
2 0.000682*54 
3 0.000765*51 
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level the gender distribution is close to 50 percent but when looking at the semi-

skilled levels we see that blue collar occupations are heavily male dominated, 

while the white collar occupations are female dominated. Productivity, and 

wages, in blue collar professions might not be affected by cognitive ability to the 

same degree as white collar professions, which would explain why the 

interaction term increases in size. The difference in pay-offs for cognitive skills, 

with the industry control applied, is 2.34 percent for one extra standard 

deviation in the numeracy score, to the men’s advantage, and 2.25 percent for 

one extra standard deviation in the literacy score. The pay-off for one extra point 

in the numeracy test score is 946 percent higher for men compared to women, 

the corresponding figure for literacy being 857 percent. Since industry is 

controlled for, the results indicate that given that men and women work within 

the same industry men will have a higher return to cognitive skills.  

 

Meyerson and Petersen (1997) found that when occupation is fully controlled 

for, the wage differences that are found between men and women in the Swedish 

labor market almost completely disappears. It might be the case that the 

interaction term captures the effect of a man having a larger probability of being 

hired in a higher position within a given industry and thus receive a higher wage 

than an equally productive woman. The available data does however not allow 

me to test for occupation with any more precision than already included in the 

model specification. 

 

When removing the interaction term in Column 5 in Table 1 the male dummy is 

significant at the one percent level and shows that men have an 8.6 percent 

higher wage than women, everything else equal. According to Meyerson and 

Petersen (op.cit) findings, if occupation was perfectly specified we would expect 

a non-significant result on this dummy. The estimated gender wage difference is 

however close to the figures presented by SCB for 2007, see Ekberg (2008). The 

                                                        
4 54.28*0.000427 
5 51.11*0.000449 
6 (0.000427+0.000454)/0,000454 
7 (0,000449+0,000531)/0,000531 
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estimate for the male dummy differs depending on whether literacy and 

numeracy is being used, 8.6 with numeracy and 9.3 with literacy. The difference 

is mainly due to the fact that the mean skill endowment in numeracy differs 

between men and women to a larger extent than the literacy variable, see Tables 

3 and 4. 

 

In all of the columns in Tables 1 and 2 where the interaction term is included the 

male dummy is insignificant. In the columns where the interaction term is 

significant, Column 4 in Table 1 and Column 3-4 in Table 2, we can say that this is 

an effect of the difference in pay-off to cognitive skills being able to explain an 

important part of the male/female wage gap. In Column 1-3 in Table 1 and 

Column 1-2 in Table 2 both the male dummy and the interaction term are 

insignificant, however. This could indicate that all the wage differences that are 

traditionally observed between men and women are due to different skill 

endowments between the groups. The results that are found in Column 5 do 

however disprove this interpretation. The male dummy in Column 5 is 

significant at the one percent level. If the difference in men’s and women’s wages 

were entirely due to skill attainment we would have expected an insignificant 

result for the male dummy in this column as well. The most likely interpretation 

is that the correlation between the male dummy and the interaction term is high 

and that they partly explain the same variation in wage.  

 

When the cognitive ability variable is excluded in Column 6 in Table 1 and 2 we 

can see that the estimate for returns to years of education is slightly higher than 

in Column 5. This shows that education does capture some of the wage variation 

that is due to the cognitive ability of a worker. As mentioned in Section 1.2, this is 

in line with human capital theory: a more able individual will invest more in 

education. Both the cognitive ability and education measures are however 

significant when they are included together in the model, this in combination 

with the results not being contaminated by multicollinearity, see Table 5, show 

the independent importance of these variables; they are both needed to give a 

complete picture of a worker’s human capital endowment.  
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Comparing Column 6 with the other columns in Tables 1 and 2, we see that when 

ability is controlled for the immigrant variable does not have a negative effect on 

wage. It would seem that the wage difference that is usually observed is almost 

completely explained by skill disparity. However, this result could also be an 

effect of language barriers: the skill assessment tests were given in Swedish, 

which could explain some of the tendency to obtain a lower score in 

numeracy/literacy for individuals born outside of Sweden. The immigrant 

variable will hence capture a mixture of the effects of disparity in cognitive skills, 

differences in quality of human capital investments between Sweden and the 

host country and the importance of Swedish language skills in the Swedish labor 

market. The challenge will be to find a way to isolate these effects from each 

other. 

 

For wage differences due to cognitive skills, literacy seems to be a stronger 

predictor in the Swedish labor market. The interaction term with literacy is 

significant at an earlier stage, with fewer controls for occupation, than numeracy. 

This goes against what earlier studies have found, see Antoni et al. (2012). 

4.1 Multicollinearity 

A VIF-test, see Craney and Surles (2002), is carried out to see if multicollinearity 

is affecting the estimated coefficients from the regressions. Multicollinearity is 

always present to some degree but the rule of thumb for this test is that a value 

above 5 implies that multicollinearity is inflating the coefficients in a significant 

way. The results from this test are reported in Table 5 in Appendix. As already 

discussed in the Section 1.2 there is a correlation between years of education and 

cognitive ability. We can however see that multicollinearity does not affect the 

numeracy or the literacy coefficient to an extent that it becomes a nuisance.  

 

Experience and experience squared both show high VIF test statistics; this is to 

be expected since they are meant to capture the non-linearity of the return to 

experience, and thus the same variance in wage. The same holds for the skill use 
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at work dummies, the multicollinearity is expected since they are part of the 

same dummy-set. 

5. Conclusion 

In this thesis I assess if men and women have different pay-offs to cognitive 

ability. Limitations in pre-existing data from the Swedish labor market have in 

the past left these gender wage differences unexplored. With the publication of 

the PIAAC dataset these limitations are adjusted for. Direct measures of literacy 

and numeracy are used to examine the effect of cognitive ability. 

 

A significant difference in pay-off from cognitive ability is found between men 

and women in the Swedish labor market when the occupation of the worker is 

sufficiently controlled for. The magnitude of this effect is not large in absolute 

terms. One standard deviation increase in the middle of the distribution is 

associated with a 2.3 percent extra increase in wage for males. In relative terms 

this is close to the estimated effect of one extra year of schooling. One standard 

deviation increase in cognitive ability is thus approximately equivalent to one 

extra year of schooling. Virtually the same result is found when using either 

numeracy or literacy as the proxy for cognitive ability.  

 

The results also showed that both literacy and numeracy have a significant effect 

on wage in the Swedish labor market.  Including a variable for cognitive ability in 

the Mincer equation is important in order to receive correct estimates for the 

effect that education has on wage. Cognitive ability and education do explain 

some of the same variance in wage, but they do also explain an important 

independent part of the wage setting on the Swedish labor market.  

 

Exclusion of the cognitive ability variable also overestimates the effect that being 

born outside of Sweden has on wage. The estimations show that when cognitive 

ability is included being born outside of Sweden has no significant effect on 

wage. This finding should be addressed by future studies. 
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7. Appendix 
 (1) (2) (3) (4) (5) (6) 

VARIABLES lnwage lnwage lnwage lnwage lnwage lnwage 

       

Numeracy 0.001235*** 0.001080*** 0.000608*** 0.000454*** 0.000682***  

 (0.000182) (0.000187) (0.000178) (0.000181) (0.000148)  

Numeracy*Male 0.000159 0.000203 0.000372 0.000427*   

 (0.000279) (0.000275) (0.000257) (0.000254)   

Male 0.081169 0.049696 -0.06764 -0.038059 0.086591*** 0.095383*** 

 (0.081236) (0.080641) (0.075712) (0.074370) (0.010863) (0.010913) 

Experience 0.021945*** 0.018537*** 0.016779*** 0.015964*** 0.016005*** 0.015921*** 

 (0.0017) (0.001706) (0.001693) (0.001683) (0.001690) (0.001711) 

Experience^2 -0.000333*** -0.000268*** -0.000246*** -0.000227*** -0.000228*** -0.000232*** 

 (0.000037) (0.000028) (0.000036) (0.000036) (0.000036) (0.000037) 

Education  0.034287*** 0.039373*** 0.019682*** 0.022360*** 0.022363*** 0.027096*** 

 (0.002307) (0.0025) (0.002952) (0.002744) (0.002733) (0.002774) 

Immigrant  -0.012807 -0.003003 -0.003611 -0.003618 -0.031176** 

  (0.016216) (0.015109) (0.014922) (0.014951) (0.014326) 

Child  0.071364*** 0.059699*** 0.053181*** 0.053830*** 0.051248*** 

  (0.014315) (0.014157) (0.013870) (0.013903) (0.013668) 

Private  0.097014*** 0.110069*** 0.057236*** 0.057452*** 0.062118*** 

  (0.013299) (0.012355) (0.018595) (0.018566) (0.018473) 

Skilled occupation   0.268466*** 0.226416*** 0.222568*** 0.241783*** 

   (0.028809) (0.032834) (0.032670) (0.032400) 

Semi-skilled 

occupation 

  0.077319*** 

(0.024973) 

0.064453** 

(0.027061) 

0.063953** 

(0.027004) 

0.074559*** 

(0.027125) 

(white collar)       

Semi-skilled 

occupation 

  0.069220** 

(0.027717) 

0.031281 

(0.031082) 

0.025796 

(0.030965) 

0.029234 

(0.031049) 

(blue collar)       

Constant 4.300217*** 3.890631*** 4.133119*** 4.174774*** 4.112294*** 4.235530*** 

 (0.048016) (0.050901) (0.056818) (0.052914) (0.052103) (0.037693) 

Controls for Industry No No No Yes Yes Yes 

Observations 2898 2898 2898 2898 2898 2898 

R-squared 0.269 0.299 0.355 0.385 0.384 0.377 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

Table 1- Ordinary least square regressions weighted with sampling weights. Numeracy is the proxy 
for cognitive ability. The dependent variable is the natural logarithm of the hourly wage. 
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 (1) (2) (3) (4) (5) (6) 

VARIABLES lnwage lnwage lnwage lnwage lnwage lnwage 

       

Literacy 0.001344*** 0.001198*** 0.000695*** 0.000531*** 0.000765***  

 (0.000203) (0.000200) (0.000185) (0.000185 (0.000139)  

Literacy*Male 0.000162 0.000256 0.000426* 0.000449*   

 (0.000280) (0.000269) (0.000243) (0.000241)   

Male 0.094966 0.046410 -0.015344 -0.038350 0.093060*** 0.095383*** 

 (0.080669) (0.078435) (0.0709) (0.070243) (0.010682) (0.010913) 

Experience 0.021816*** 0.018282*** 0.016591*** 0.015830*** 0.015861*** 0.015921*** 

 (0.001682) (0.001715) (0.001691) (0.001688) (0.001692) (0.001711) 

Experience^2 -0.000323*** -0.000256*** -0.000237*** -0.000220*** -0.000221*** -0.000232*** 

 (0.000037) (0.000037) (0.000036) (0.000036) (0.000036) (0.000037) 

Education 0.034875*** 0.039687*** 0.019758*** 0.022470*** 0.022563*** 0.027096*** 

 (0.002339) (0.002518) (0.002959) (0.002749) (0.002747) (0.002774) 

Immigrant  -0.009173 0.000423 -0.000871 -0.001066 -0.031176** 

  (0.016002) (0.01499) (0.014668) (0.014735) (0.014326) 

Child  0.073882*** 0.061407*** 0.054524*** 0.055145*** 0.051248*** 

  (0.014307) (0.01414) (0.013832) (0.013833) (0.013668) 

Private   0.112145*** 0.059699*** 0.059482*** 0.062118*** 

   (0.061407) (0.018667) (0.018630) (0.018473) 

Skilled occupation   0.268325*** 0.226097*** 0.222148*** 0.241783*** 

   (0.028628) (0.032819) (0.032702) (0.032400) 

Semi-skilled 

occupation 

  0.075174*** 

(0.023900) 

0.062286** 

(0.027342) 

0.061550** 

(0.027266) 

0.074559*** 

(0.027125) 

(white collar)       

Semi-skilled 

occupation 

  0.072165*** 

(0.027679) 

0.032060 

(0.031084) 

0.026321 

(0.031192) 

0.029234 

(0.031049) 

(blue collar)       

Constant 4.507306*** 3.840986*** 4.101071*** 4.14784*** 4.080599*** 4.235530*** 

 (0.057410) (0.053708) (0.059947) (0.056096) (0.053437) (0.037693) 

Controls for Industry No No No Yes Yes Yes 

Observations 2898 2898 2898 2898 2898 2898 

R-squared 0.269 0.300 0.356 0.385 0.384 0.377 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
Table 2- Ordinary least square regressions weighted by sampling weights. Literacy is the proxy for 
cognitive ability. The dependent variable is the natural logarithm of the hourly wage. 

  



Victor Sowa  Supervisor: Erik Mellander 
Spring-14 
Uppsala University 
 

26 
 

  Female   

VARIABLES Mean SD Min Max 

Wage 157.14 55.49 24.77 896 

     

Numeracy 272.17 54.63 40.22 450.99 

     

Literacy 277.54 51.11 54.97 423.41 

     

Education 12.16 2.59 6 20 

     

Work 

experience 

18.46 13.52 0 53 

     

Child 0.67 0.47 0 1 

     

Private 0.5 0.5 0 1 

     

Immigrant 0.19 0.39 0 1 

     

Skilled 

profession 

0.43 0.5 0 1 

     

Semi-skilled 

profession 

(blue collar) 

0.06 0.25 0 1 

     

Semi-skilled 

profession 

(white collar) 

0.43 0.5 0 1 

     

Elementary 

profession 

0.07 0.26 0 1 

Table 3 - Descriptive statistics for females. Statistics are weighted with sampling weights 
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  Male   

VARIABLES Mean SD Min Max 

Wage 182.47 83.43 21.32 1283.9 

     

Numeracy 285.73 54.28 38.64 440.33 

     

Literacy 279.23 50.56 17.43 428.56 

     

Education 11.86 2.48 6 20 

     

Work 

experience 

20.19 14.18 0 51 

     

Child 0.58 0.49 0 1 

     

Private 0.79 0.41 0 1 

     

Immigrant 0.16 0.37 0 1 

     

Skilled 

profession 

0.42 0.49 0 1 

     

Semi-skilled 

profession 

(blue collar) 

0.18 0.38 0 1 

     

Semi-skilled 

profession 

(white collar) 

0.35 0.48 0 1 

     

Elementary 

profession 

0.07 0.23 0 1 

Table 4 – Descriptive statistics for males. Statistics are weighted with sampling weights 
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 (1) (2) 

VARIABLES VIF VIF 

   

Literacy 1.492  

   

Numeracy  1,480 

   

Experience 17.808 17,801 

   

Experience^2 16.302 16,241 

   

Male 1.25 1,274 

   

Immigrant 1.185 1,169 

   

Education 1.714 1,728 

   

Private 1.26 1,266 

   

Child 1.524 1,521 

   

Skilled occupation 8.401 8,401 

   

Semi-skilled 

occupation 6.298 6,286 

(white collar)   

Semi-skilled 

occupation 4.901 4,903 

(blue collar)   

   

Table 5 – VIF-test for regression without occupation dummies. A value above 5 indicates that there is 
a problem with multicollinearity. Calculations are weighted with sampling weights. 
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Numeracy test score 

/Gender 

0-176 176-226 226-276 276-326 326-376 376-500 

       

Male  2.26 7.34 23.32 40.43 23.44 3.22 

       

Female 2.54 9.27 30.85 40.55 15.27 1.52 

       

Table 6 - Distribution over men and women’s numeracy skill proficiency. The numbers in the table 
are the percent of the gender belonging to that test score interval. The test score intervals are 
defined according to OECD standards and are calculated with plausible values. Calculations are done 
with respect to sampling weights. 

 

Literacy test score 

/Gender 

0-176 176-226 226-276 276-326 326-376 376-500 

       

Male  1.86 7.27 26.95 44.03 18.15 1.73 

       

Female 1.51 6.88 27.86 45.91 16.48 1.37 

       

Table 7 - Distribution over men and women’s Literacy skill proficiency. The numbers in the table are 
the percent of the gender belonging to that test score interval. The test score intervals are defined 
according to OECD standards and are calculated with plausible values. Calculations are done with 
respect to sampling weights. 

 


