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1 Introduction

It is well-established that investment in human capital produces benefits for both individuals and the society

taken as a whole. Becker (1962) argues that investment in schooling and on-the-job training increases indi-

viduals’ knowledge and abilities, which in turn affect positively their job productivity and income. Individuals

with higher endowment of human capital have a greater adaptability, especially in turbulent and changing envi-

ronments, favoring the adoption of new technologies at the aggregate level (Nelson and Phelps, 1966). Human

capital directly affects the rate of economic growth (Lucas, 1988) and indirectly being a key input to innovation

activities (Romer, 1990; Aghion et al., 1998). In the presence of labour market imperfections, due for instance to

discrimination practices (Hsieh et al., 2018) or strict labour market regulation (Griffith and Macartney, 2014),

the allocation of human capital between jobs, tasks or firms may be distorted, negatively reverberating on

innovation performance and ultimately on the rate of economic growth.

A wide strand of microeconomic literature has studied labour mismatch, investigating the effects on workers’

wages, job satisfaction and firm-level productivity (Hersch, 1991; Kampelmann and Rycx, 2012; Levels et al.,

2014). Educational mismatch is typically defined as the divergence between worker’s level of education and the

level demanded by her job or occupation (Desjardins and Rubenson, 2011). However, the literature is still silent

about how labour mismatch turns into lower productivity outcomes. In particular, evidence is scarse about

the effects of labour mismatch (or misallocation) on the results of innovation activity, which is the key factor

for long-lasting productivity growth in knowledge-based economies. This study fills this important gap of the

literature by investigating the effects of educational mismatch on inventor productivity.

The labour market mismatch phenomenon is quite relevant in Europe. Recent evidence (OECD, 2016, p. 19)

shows that in the countries that took part in the 2012 Survey of Adult Skills 60% of workers are mismatched,

either over/under-educated or over/under-skilled. Korpi and T̊ahlin (2009) observe that the average level of

education has increased significantly in Sweden since 1970s but it has not been followed by an equally increase in

the skill requirements by the employers. Consequently, after three decades the incidence rate of over-education

is two times higher than that in the early 1970s. This type of inefficiency in the labour market may have

detrimental effects for the economic system as a whole, which is likely to influence the rate of innovation and

economic growth.

To study the effects of educational mismatch on inventor productivity, we conduct a cross-sectional analysis

on a sample of inventors residing in Sweden, covering the period 2003-2010. We estimate the so-called ORU model

which measures the effect of Over-education, Required education and Under-education on inventor productivity,

defined by both the number of patent applications and the number of forward citations.

Our main finding is that inventors holding a number of years of education in excess (over-education) or in

deficit (under-education) to the modal educational level (required education) in a given occupation are associated

with a lower inventive productivity compared to inventors having a job position requiring the exact level of

competencies (well-matched). We check the effects of ORU model by including a set of control variables related to

both demographic and employment characteristics. Moreover, we are able to control for individual idiosyncratic

characteristics. In particular, we investigate whether the inventive performance of matched and mismatched

inventors is affected by school proficiency, as measured by the high-school grade. This variable controls for

individual ability and is included to check to some extent the simultaneity feedbacks between patent productivity

and educational mismatches (ORU). The inclusion of these controls does not affect our main results, which
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remain highly significant. Furthermore, we assess the robustness of our results by investigating the pattern of

ORU model along some crucial inventor characteristics. Our results show that formal education matters more

for younger inventors as younger well-matched inventors are more productive than their older counterparts. It

implies that the opportunity cost of younger over-educated is higher than that of older over-educated, while the

opposite is true for under-educated inventors. We also find that the pattern and significance of ORU variables

are robust distinguishing inventors on the basis of geographical areas and the R&D intensity of industrial sectors,

where over-educated inventors have a higher opportunity cost in low-tech industries, while under-educated are

mostly penalized in high-tech industries.

Our study makes some important contributions to the literature. This work is related to the microeconomic

literature on the determinants of inventor productivity (Zwick et al., 2017; Frosch, 2011), and in particular to

the studies that analyze the link between inventor productivity and job mobility (Nakajima et al., 2010; Hoisl

and de Rassenfosse, 2017). This study is also related to the literature on the effects of educational mismatch

on workers’ earnings and firm productivity. A large strand of literature investigates the impact of educational

mismatch on workers’ wages and demonstrate the existence of substantial differences in wage returns across

matched and mismatched categories (Korpi and T̊ahlin, 2009; Levels et al., 2014). Kampelmann and Rycx

(2012) document that a higher level of required education positively influence the firm productivity, whereas

additional years of over-education (under-education) are beneficial (detrimental) for firm productivity. Finally,

our results contribute to the macroeconomic literature on resource misallocation by measuring the microeconomic

effects of labour mismatch on inventive productivity. Jones (2011) suggests that the allocation of resources

across industries and firms plays an important role in explaining the total factor productivity differentials across

countries. Jovanovic (2014) argues that a better assignment of workers to the right task is likely to reduce job

turnover and accelerate the rate of economic growth.

The paper is structured as follows. Section 2 surveys the literature. Section 3 discusses the econometric

approach and the factors that influence the inventive performance. Section 4 presents the data and the mea-

surement of educational mismatch. Section 5 shows the descriptive statistics and the empirical results. Finally,

Section 6 concludes.

2 Related literature

A large body of the literature has paid attention to the determinants of inventor productivity, focusing on

both individual and employer characteristics. Existing evidence shows that the level of education plays a key

role in explaining the research productivity of scientists and engineering. Giuri et al. (2007) show that the

majority of inventors have a university degree and only a small share of inventors hold a PhD degree. Jung and

Ejermo (2014) focus on Swedish inventors and document that over the period 1985-2007 an increasingly larger

proportion of inventors hold a PhD degree. Onishi and Nagaoka (2012) analyze the productivity of a sample of

Japanese inventors and find that inventors with PhD degrees more productive in terms of quantity and quality

of patents than their counterparts with lower educational levels. Similarly, Mariani and Romanelli (2007) find

that European inventors with a high level of education and employed in large firms are more likely to apply for

a large number of patent applications over their career.

One of the studies that more convincingly address the issue of the causal link between schooling and inno-

vation is Toivanen and Väänänen (2016). These authors examine the causal effect of engineering graduation on
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individuals’ propensity to patent inventions. Using data on Finnish inventors and the university proximity as an

instrument, the authors document that the political decision to establish new engineering universities between

1950 and 1981 increased the probability that individuals from the nearby regions were enrolled in engineering

graduation programs and this was associated with a higher patenting productivity.

Zwick et al. (2017) is the first paper to investigate the effects of several dimensions of human capital on patent

history data over the entire career of the universe of German inventors. The authors find that divergent think-

ing, problem-solving skills, risk attitude and the ability to benefit from networking have a positive correlation

with inventor productivity. Still, high schooling attainment maintains a prominent role in explaining inventive

capacity, even after controlling for other dimensions of human capital. Some studies, by contrast, do not find

a significant association between the level of education and patent productivity (Schettino et al., 2013). Hoisl

(2007) shows that the level of education has no influence on inventor productivity, whereas the composition of

the research team together with the use of external sources of knowledge affect in a large extent the inventive

output. Giuri and Mariani (2013) provide evidence that inventors with a high level of education and working on

projects with highly scientific content are capable to create wider research networks. The best-qualified inventors

are more likely to detect and absorb external knowledge, regardless of the geographical location of their sources.

A bunch of studies observe that inventors’ returns to education varies among technology classes. Formal

education appears to be more significant in science-based sectors such as electrical engineering, chemicals and

pharmaceuticals, whereas informal accumulation of experience plays a major role in mechanical engineering

(Giuri et al., 2007; Jung and Ejermo, 2014).

Another key factor of creative performance widely debated in the literature concerns inventor’s age. Existing

evidence suggests that the relationship between age and innovation performance follows an inversely U-shaped

form, with most inventions produced by individuals aged between 35 and 50 years (see Frosch, 2011, for a review).

Moreover, the inventor’s average age varies across sectors: inventors are significantly younger in knowledge

intensive sectors than in most experience-based disciplines (Mariani and Romanelli, 2007).

Research productivity has been largely investigated in relation to job mobility. Mobile R&D workers are

found to contribute more to firm’s patenting activity than immobile inventors (Kaiser et al., 2015), and among

movers, academic inventors with more valuable patents are more likely to be hired away by private organizations

(Crespi et al., 2007). Job mobility may also affect the firm’s performance, but existing evidence goes in different

directions. Rahko (2017) finds that outbound mobility of inventors weakens the source firm’s patenting perfor-

mance, in particular when mobile inventors worked in the firm’s core technology or have moved to technologically

close firms. By contrast, Liu et al. (2016) document that inventors in firms characterized by a high inventor

turnover appear to contribute significantly to firm’s inventive performance than inventors in firms with low job

mobility.

At individual level, Hoisl (2007) studies the mobility of a large sample of German inventors and finds

the existence of a simultaneous relationship between inventors’ mobility and their productivity level. Mobile

inventors appear to be more productive than non-mobile ones, but highly-productive inventors turn out to be

less likely to move. Miguélez and Moreno (2013) examine the role of different characteristics of local labour

market for inventors on regional patenting at European level. The authors find that labour mobility and research

networks are positively associated to the regional innovation performance.

Trajtenberg and Shalem (2009) investigate the incentives to mobility, and the resulting performance, of a

sample of software inventors in the US. The authors document that inventors who are more likely to move have
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more cited patents and their innovative content is quite general. By contrast, inventors who are less likely to

move have more claims and more original patents. The authors argue that this different propensity to move is

related to asymmetric information between the inventor and her employee, since inventors have more information

to evaluate their invention than their employer. In this context, when a firm fails to detect the value of a patent,

the inventor has the incentive to move to firms with a greater capacity to recognize the true quality of her

innovation (and hence to appropriately rewarding her). According to Hoisl (2009), inventor mobility depends

on the imperfect matching process between the worker and the job (or the firm), namely inventors who find

themselves in poor matches are willing to move in order to improve the quality of their match with the new

employer.

Nakajima et al. (2010) investigate the factors enabling a better job matching for inventors. The authors

consider that referrals through job networks can be used by firms in order to evaluate the unobserved ability of

prospective employees and thus to assess the quality of the match prior to the hiring. Focusing on the US patents,

the authors document that networked inventors exhibit a higher number of granted patents and have longer job

tenure than non-networked inventors: networking seems to facilitate the match between inventor and the new

hiring firm and, as a result, mobile inventors are less likely to quit the new employment. Alternatively, the authors

interpret their findings as a result of a learning mechanism, namely the inventor improves his competences, skills

and know-how through the interaction with her past collaborators at the new firm. Similarly, Ahlin and Ejermo

(2017) study the mobility of early-career Swedish inventors, finding a positive effect of job mobility on the quality

and quantity of patents. This effect can be explained by a learning mechanism of the inventor in the new job

position.

Whereas Nakajima et al. (2010) offer an indirect evidence of the matching effects, Hoisl and de Rassenfosse

(2017) is the first study to investigate the direct effects of the job matching on the inventor productivity following

a move. The authors measure the match quality between the inventor and the hiring firm with the portion of

inventor’s earlier skills that could be useful to the new firm, so-called “knowledge fit”1. Their findings show a

negative and significant effect of the knowledge fit on the productivity gains following a move. In other words,

when the inventor owns knowledge and skills which are not useful to the new firm, the match quality is low and

thus are the productivity gains after a move.

A strand of the literature on inventor productivity has also focused on the relationship between migration

and invention. Kerr and Lincoln (2010) and Hunt and Gauthier-Loiselle (2010) find a positive and significant

effect of skilled migrants on the production of patents in the US market. By contrast, Zheng and Ejermo (2015)

document that migrants in Sweden have a lower probability to become inventors compared to the natives.

Moreover, conditional on being an inventor, migrants also show a lower inventive performance, even when they

moved to Sweden as a child and obtained their education degree in Sweden. Montobbio et al. (2015) study

the contribution of migrant workers to innovation at sectoral level over the period 1994-2005. Focusing on

three countries, Germany, UK and France, the authors provide evidence that highly-educated migrants have a

positive but smaller effect on innovation compared to highly-educated natives. Moreover, this effect appears to

be stronger in high-tech manufacturing industries than in services. In a similar vein, Zheng (2017) investigate

the role of migrant inventors in Sweden over the period 1985-2007. The author looks at the interaction between
1The variable of knowledge fit is measured using a self-reported method, namely asking to a sample of 869 inventors whether “a

significant part of [their] previous inventive experience was no longer applicable to the new organization’s inventive activities”. The
possible answers are defined on a 6-point Likert scale: “fully agree, ..., fully disagree, does not apply” (Hoisl and de Rassenfosse, 2017,
pag. 39).
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the level of education of the inventor, her type of occupation and her sector of employment. It is found that in

high-tech knowledge-intensive services sector migrants are more likely to patent than natives, and this may be

explained by their higher educational level. Furthermore, in high-tech manufacturing, low-tech and medium-low

tech knowledge intensive services sector migrants are less likely to patent because they are over-represented in

low-skill occupations such as clerks, machine operators and assemblers.

3 Estimation strategy and econometric issues

In order to study the effect of educational mismatch on inventor productivity, we rely on the empirical model

mostly used in the analyses of the effects of labour mismatch on wages and firm productivity (Hartog, 2000;

Mahy et al., 2015) In particular, we employ the so-called ORU model which explains the effect of Over-education,

Required education and Under-education on inventor productivity. We estimate the following model:

yi = β0 + β1reqi + β2overi + β3underi + β4Xi + εi (1)

where i denotes the inventor. The dependent variable yi is expressed in terms of the row number or quality

adjusted number of inventors’ patent applications between 2003 and 2010. Xi represents a set of control variables.

The patent quality depends on the impact that the innovation has on the course of the related technology

field. The patent value is measured in the literature with an array of indicators such as the number of claims,

family size, patent scope, backward citations and forward citations (Tong and Frame, 1994; Hall et al., 2001;

Harhoff et al., 2003; Lanjouw and Schankerman, 2004). In this study, we use the number of forward citations

(NFC) to measure the quality of patents.

We estimate the relationship between the ORU variables and the inventor productivity by applying a negative

binomial model with robust standard errors. Given the discrete nature of our dependent variables, the application

of a linear regression model can result into inefficient and inconsistent estimates. The most basic model to treat

with count variables is the Poisson regression which assumes equality between the conditional mean of the

dependent variable and the conditional variance. If over-dispersion is present, the Poisson regression model

produces consistent but inefficient estimates as the standard errors are downward biased. By contrast, the

negative binomial regression model accounts for over-dispersion, allowing the conditional variance of the outcome

variable to exceed the conditional mean. Looking at our data, we observe that the distribution of inventor’s

patent applications is right-skewed: nearly 60% of inventors have just one patent application from 2003 to 2010

and the variance (10.78) is larger than the mean (2.39). With respect to the number of forward citations,

almost 53% of inventors have not received any citations and just 21% of them received only one citation over

the entire period of analysis. Accordingly, the variance (11.9) is by far larger than the mean (2.59). To test for

over-dispersion, we also perform the Likelihood-ratio test in order to check for the significance of the dispersion

parameter. We reject the null hypothesis that the dispersion parameter is statistically equal to zero, and therefore

the negative binomial model results the most appropriate model for our analysis. We apply this regression model

in a cross-sectional analysis given the very low variability of the educational mismatch status of each inventor

over the time horizon of our analysis (despite our data allow us to explore a within-individual variation of

inventor productivity).
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Our analysis may be potentially affected by econometric issues. The relationship that we are interested to

identify is whether an increase in the years of required education, over- (under-) education, is followed by an

increase (decrease) in the inventor patenting productivity. However, there are three main sources of bias that

may hamper the identification of this relationship. First, our ORU variables may be correlated with the error

term, namely with some omitted variables that may explain part of the variation of inventive productivity.

Since we conduct a cross-sectional analysis, we are not able to control for individual fixed effects (i.e. for time-

invariant individual heterogeneity). However, due to the rich data available, we control for a wide set of inventor

characteristics and hence the bias associated with the lack of account of idiosyncratic heterogeneity is likely to

be small.

The second issue is related to measurement errors in education variable. Statistics Sweden takes into account

only the educational degrees that have been acquired in Sweden. In other words, those individuals that have

acquired their highest degree in a foreign country are registered with the lower degree acquired in Sweden (Joona

et al., 2014, p. 6). For this reason, the required years of education may be affected by measurement errors that

lead to biased coefficients for both over-education and under-education.

Finally, our results may be affected by problems of reverse causation. Inventors may be better allocated to

the job because they have a higher patenting productivity. For instance, the most talented inventors may find

more easily a better job and hence be less involved in imperfect job matching. In other words, the mismatch is a

reflection of inventor’s ability and causation would run from inventive productivity to the status of (mis)match.

Reverse causation may be addressed by instrumental variables (IV) that are related to educational mismatches

(i.e. the endogenous variables) and unrelated to the patenting activity. Formally, one should exploit information

on some individual characteristics that is related to the educational attainment of the inventors but not to their

inventive productivity. This is not an easy task due to the nature of the data source. As an alternative, one may

exploit information on factors that hamper inventor mobility between jobs, and hence indirectly affect their job

matches. Indeed, most inventors do not change their status of mismatch or match during the period of analysis.

This may suggest that most of them face different types of constraints (e.g. family ties) that prevent them from

relocating geographically in order to improve the quality of their job matching.

However, since the better job matching of more productive inventors is likely to be driven by their inner

inventive ability, as long as this attitude is correlated to their educational performance, one may add an indicator

of graduation performance and see whether this affects the magnitude and significance of the impact of ORU

variables. In other words, adding a control for individual (education-related) ability such as the high-school

grade, we may be able in some extent to neutralize the effect of reverse causality. Clearly, this check does not

fully address estimation bias associated with simultaneity feedbacks, but can somehow provide some insights on

how severe is this issue in our regression analysis.

Control variables

Our rich data source allows us to use a set of standard covariates that have been found in the literature to

be related to inventor productivity and may plague estimation of educational mismatch effect. The first group

of controls contains information on the inventors’ age, gender, nationality (i.e. foreign-born status) and, albeit

in a subsample, the high-school grade. The second group includes the firm size, the sector of activities and

geographical area of work. We have also information on the technology field on which a patent relies.

9



The log of the inventor’s age, both in linear and quadratic form, is included in order to account for the

inverse U-shaped relationship between innovation productivity and inventor’s age (Frosch, 2011, pag. 415).

Younger workers are more likely to be over-educated in their occupation. During their career, they acquire

work experience and more skills than those provided by their educational attainment, and most likely their job

matching improves. By contrast, older workers are most likely to be under-educated as educational attainments

in Sweden (Jung and Ejermo, 2014), as well as across OECD countries, has grown over time (McGowan and

Andrews, 2015b).

As for the gender, empirical research suggests the presence of gender differences in inventive productivity

(Azoulay et al., 2007). Schettino et al. (2013) show that patents filed by men are more valuable than those

filed by women, while the number of patent applications is not significantly affected by gender differences. By

contrast, Whittington and Smith-Doerr (2005) suggest that the quality of patents filed by women is the same

or better than that filed by men. In general, women are also more likely to be overeducated than men in the

labour market (McGoldrick and Robst, 1996; Karakaya et al., 2007).

The literature on the impact of migration on labour market outcomes or inventive activity is quite wide.

Foreign-born inventors are found to perform poorly both in terms of patent quantity and quality than natives

in Sweden (Zheng and Ejermo, 2015). Moreover, foreign-born workers are more likely to be over-educated than

natives across OECD countries (Joona et al., 2014; Levels et al., 2014).

High-school grades are included as a control for individual ability and are used to check the robustness of

our results on the effects of educational mismatch.

As regard firm size, large firms are more likely to patent and to produce high valuable patents as they usually

operate in international markets and thus have a higher strategic propensity toward patent protection (Ahlin

and Ejermo, 2017). By contrast, small firms have more financial constraints and thus patent more valuable

inventions (Leiponen and Byma, 2009). Large firms are also more likely to employ over-educated workers than

small firms as they can anticipate future skills needed for their activities. By contrast, large firms are less likely

to employ under-educated workers as they have a better managerial quality (McGowan and Andrews, 2015b).

Furthermore, patenting activity varies across industries. It is higher in high-tech manufacturing industries and

knowledge-intensive services than in other manufacturing industries, agriculture and services (Zheng and Ejermo,

2015). To account for these differences we have included twenty-three industry dummies.

In order to take into account the knowledge spillovers among inventors we control for the number of inventors

working in the same geographical area, their average productivity across both geographical areas and industries

of work. In particular, we expect that in the areas and industries characterized by a higher concentration of

inventors, there are high levels of knowledge transfers. As a result, the inventor productivity is likely to increase

(Orlando and Verba, 2005).

Finally, we include five dummies to cover the technology fields of the patents. These dummies take into

account the fact that the technology fields with a higher number of patent applications are more likely to have a

higher number of citations than fields with a lower number of patents applications (Ejermo and Kander, 2011).

4 Data

In this study we conduct a cross-sectional analysis on a sample of inventors residing in Sweden, covering

the period 2003-2010. The final database uses several data sets from Statistics Sweden. The first data set
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(Patent Database) contains information on inventors and their patent applications at the European Patent

Office (EPO), extracted from the Worldwide Patent Statistics (PATSTAT) database. The inventors included

in the EPO records with Swedish addresses have been identified through the Swedish security number (SSN)

assigned to each resident in Sweden2. The identification was made following two steps (see Jung and Ejermo,

2014, for a detailed description of data construction)3.

The Patent Database has been merged with the Longitudinal integration database for health insurance

and labor market studies (LISA) data sets on individual and employer characteristics using the individual and

employer key identifiers, respectively. We use the Patent Database to construct our two dependent variables

and the patent technological classes. This database is available from 1978 to 2010. The dependent variables are

defined both in terms of quantity and quality of the patents. For the former, we calculate the total counts of

inventors’ patent applications between 2003 and 2010, not corrected for the contribution of more inventors to the

same patent (i.e. counts are not fractional). Also, for each patent, we calculate the amount of forward citations

received by each inventor up to 5 years following the publication date. We therefore compute the cites-weighted

number for each patent. Most of studies on patent value show that forward cites appear to be correlated with

the value of inventions (Trajtenberg, 1990). However, this measure of quality has some drawbacks. On one

hand, patents do not offer a comprehensive overview on new inventions in the economy as not all new inventions

are patented (Griliches, 1998). On the other hand, the value of inventions varies to a large extent in their

technological impact and are strongly skewed (Hall et al., 2001). Despite these limitations, the number of

forward citations is widely used in the literature and is considered a good predictor of patent quality (Lanjouw

and Schankerman, 2004).

Following Squicciarini et al. (2013), inventors’ patents are grouped by their main technology field as follows:

electrical engineering, instruments, chemistry, mechanical engineering and other fields (e.g. furniture, civil

engineering and other consumer goods).

Our analysis is restricted to inventors for which information on the occupational status and the level of

education was available. The educational variable is classified according to the Swedish Educational Terminology

(SUN2000s) which is linked to the ISCED 1997. In order to compute the mismatch indicators, we have converted

the educational categories into years of education (see Table 9 in the Appendix 1). The analysis is focused on

a specific occupational category of inventors, namely those belonging to 21 and 31 occupations at two digits, as

defined by the Swedish standard classification of occupations4. These occupations are related to professionals

and technicians in physical, engineering, mathematical and natural sciences which represent the majority of

employees who apply for a patent, as reflecting the main profiles employed in R&D tasks (Kaiser et al., 2015,

pag. 96)5. Besides, as standard in this literature (see Bauer, 2002 and Allen and Van der Velden, 2001), only
2A SSN is assigned to any resident living in Sweden for more than one year.
3In the first step, the individual’s SSN was added by a commercial firm according to her name and address, and in the second

step, Statistics Sweden has identified each individual’s SSN with that contained in the Longitudinal integration database for health
insurance and labor market studies (LISA), available from 1990 to 2012. The LISA database contains demographic and employment
information on all individuals aged 16 and over who were registered in Sweden on December 31 of each year. Finally, each SSN has
been replaced with an individual key identifier.

4The Swedish Occupational Classification (SSYK) is linked to ISCO-88 and is organized into 10 major categories: 1. legislators,
senior official and managers; 2. professionals; 3. technicians and associate professionals; 4. clerks; 5. service workers and shop sales;
6. skilled agricultural and fishery workers; 7. craft and related trade workers; 8. plant and machine operators and assemblers; 9.
elementary occupations; 10. armed forces.

5In order to identify the main occupations in which R&D workers are employed, OECD (2015, pag. 162) states that: ISCO-08 is the
relevant reference document: researchers are classified in ISCO-08 Major Group 2, “Professionals”, and in “Research and Development
Managers” (ISCO-08, 1223); technicians and equivalent staff are classified in ISCO-08 Major Group 3, “Technicians and associate
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inventors who are “purely employed”, and thus are not self-employed or hold more than one job, are considered

in this analysis. Information on employment status is available as of 2003, thus our analysis covers the period

2003-2010.

LISA data sets and Patent Database are used to construct the following control variables. Inventor’s age,

both in linear and quadratic form, is expressed in logarithm. The gender is a dummy variable (equal to 1 if

female). The inventor’s industry of work is classified according to the Swedish Standard Industrial Classification

(SNI 1992 and SNI 2007, built on ISIC Rev. 3), and it is grouped into 23 categories. The firm size is a categorical

variable grouped into three classes: small firms (1-99 employees), medium firms (100-499) and large firms (500

employees and more). We also include the firm’s patent portfolio, as measured by the log of the total number

of patent applications that the employer filed to the EPO from 2003 to 2010, the number of inventors working

in the same geographical area (i.e. metropolitan, urban and countryside areas), and the average productivity

of inventors computed across geographical areas and industries of work, respectively. The latter variable is

measured as the ratio of the total number of patent counts to the number of inventors in the same geographical

area or industry of work.

The Swedish and Foreign Background data set is used to construct the foreign-born variable. It is measured

as a dummy which assumes the value zero if the inventor has Swedish background (the inventor is born in Sweden

and at least one of her parent is a Swedish citizen), and the value one if the inventor has foreign background

(the inventor is born abroad and at least one of her parent is a foreigner).

Finally, the inventor’s high-school grade is taken from the Secondary Schooling Registry database. This

variable refers only to inventors who graduated from high-school between 1973 and 1996, the period in which

the national grading system in Sweden was unified, and thus allow the comparability of grades among inventors

(Björklund et al., 2003).

The final sample consists of a cross-section of 3,127 inventors and it is reduced to 2,150 when the high school

grade is included. We take the first occurrence of the control variables that are time-variant during the period

examined (such as firm size, age, age2 and the firm’s patent portfolio).

Measuring Educational Mismatch

Educational mismatch is based on the comparison between the individual’s educational attainment and that

demanded by her occupation. There are in the literature three main approaches to measure the demanded level

of education: the job analysis, the self-reported and the realized matches.

In the job analysis approach, job experts determine the correspondence between the codes assigned to each

occupation and those allocated to each level of education. Examples include the correspondence between the

International Standard Classification of Occupations (ISCO) code and the International Standard Classification

of Education (ISCED). This method presents some drawbacks (Hartog, 2000). First, it is based on the informa-

tion available to the expert in defining the actual requirements to perform the job (Verhaest and Omey, 2006;

Dahlstedt, 2011). Second, although the job requirements are likely to be quite stable over time, jobs within

each occupation are assumed to be homogeneous in terms of skill content. Finally, the results of the match are

comparable only in countries that use the same educational encoding (McGuinness, 2006, Quintini, 2011).

professionals”; and other R&D supporting staff are essentially found in ISCO-08 Major Groups 4, “Clerks”; 6, “Skilled agricultural
and fishery workers”; and 8, “Plant and machine operators, and assemblers”. By convention, R&D personnel working in defence are
classified in ISCO-08 Major Group 0, “Armed forces occupations”.
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The self-reporting approach consists in asking workers about the educational requirements of their job, or

alternatively, whether they think to be over-educated, under-educated or correctly matched with respect to

the qualification required by their job (Duncan and Hoffman, 1981, Verhaest and Omey, 2006, Levels et al.,

2014). This method presents some limitations. First, it depends on the way the question has been formulated.

As observed by Leuven and Oosterbeek (2011, p. 10), questions about required education are formulated in

different ways across studies, some of them focusing on the recruitment standards to get a job, and others by

highlighting the requirements to perform a job. As a result, measures of required education are not directly

comparable. Second, the respondents may overstate (or understate) the requirements of their job (Hartog, 2000)

or may reflect instead job satisfaction (Boualam et al., 2014). Conversely, this method has the advantage of

being job-specific rather than to refer to an occupation which collects a group of heterogeneous jobs (McGowan

and Andrews, 2015a).

In the realized matches approach the required amount of education is computed taking into account the

statistical distribution of educational attainments within each occupation. Specifically, the required level is

defined as the modal value or, alternatively, the number of years of education in the range of one standard

deviation around the sample mean (Verdugo and Verdugo, 1989, Kiker et al., 1997, Joona et al., 2014). The

realized matches approach is generally applied when the other two methods are not available. It presents

a number of inconveniences (Verhaest and Omey, 2006). First, like the job analysis method, it ignores the

heterogeneity of jobs within the same occupational category, thus allowing only one educational level to be

appropriate for each occupation (Flisi et al., 2017). Second, it compares workers graduated in different periods

and hence it is highly sensitive to cohort effects (OECD, 2013). As a result, it does not take into account the

changes in the technology requirement of the job (Hartog, 2000). Finally, the required level of education is

endogenously inferred by the characteristics of the workers included in each occupation (Hartog, 2000).

In this study we use the third method and our choice is dictated essentially by the data availability. In

particular, the required years of education (RE) are computed as the mode years of education within each

occupation (i.e. sub-groups 21 and 31 of the Swedish Occupational Classification (SSYK)) and for each year

from 2003 to 2010. In order to identify the inventors who are over-educated or under-educated we follow the

method adopted in Levels et al. (2014, p. 967). We calculate the years of over-education as the difference

between the inventors years of education and the required education within a given occupation. We assign zero

to the over-education variable in case the years of education and the required education are the same (i.e. well-

matched inventors) or the required education is higher. By contrast, we calculate the years of under-education

as the difference between the required education and the inventors years of education within a given occupation.

We assign zero to the under-education variable in case the years of education and the required education are the

same (i.e. well-matched inventors) or the years of education are higher. In this way under-education assumes

positive values. Formally, the years of over-education and under-education are computed as follows:

OE = EA−RE if EA > RE

OE = 0 if EA ≤ RE

13



UE = RE − EA if RE > EA

UE = 0 if RE ≤ EA

where OE indicates over-education, RE is required years of education, UE represents under-education and EA

is the educational attainment converted into years of education.

5 Empirical results

Descriptive statistics

Table 1 shows that the total number of patent applications per inventor is 2.73 over the period 2003 to

2010, with a range between 1 and 88 patents per inventor. The total number of forward citations over the

period is about 3.31, and up to a maximum of 104 citations. Figure 1 shows that the distribution of inventors’

productivity is strongly right-skewed for both the quantitative and the qualitative patenting indicators. The

majority of inventors have just one patent over the period 2003-2010. Likewise, most of inventors have received

one citation up to 5 years after the publication. The sample is composed by 88% by men and 11% of inventors

are foreign-born. The inventors’ average years of education is equal to 15.86, which corresponds to a Master’s

degree. Similarly, the mean value of the required years of education is 15.69. Over-educated inventors have one

year of education in excess, and up to a maximum of 8 years. Under-educated inventors have less than one year

of education in deficit, and up to a maximum of 9 years. Over the period 2003-2010 inventors have an average

age of 40, with a range between 22 and 68. The firms in which inventors are employed are of large dimensions,

namely with more than 500 employees, and hold an average of 57.85 patents. Finally, 66% of inventors works

in metropolitan areas (i.e. Stockholm, Gothenburg and Malmö) whilst a tiny percentage works in countryside

areas.

Table 2 displays that 62% of inventors are highly-qualified, holding a Master’s degree or a PhD degree,

whereas 15% of inventors have a Bachelor’s degree. Nearly 84% of inventors have a degree in Engineering and

10% in Science and Maths; only a small percentage is distributed to the remaining fields.

Table 3 illustrates that the sample of inventors is mainly concentrated in the manufacturing sector, in which

around 21% are in electrical and optical equipment industry, 11% in machinery and equipment n.e.c. and about

18% in transport equipment (i.e. motor vehicles, trailer and semi-trailer). Around 23% of inventors work in

firms offering business services related to R&D, science and engineering6.

6The Tables 1 - 3 show only inventors with at least a secondary degree because in Statistic Sweden the data for field of education
and sectoral classification are only available for workers with a level of education equal or higher than secondary school.
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Table 1: Descriptive statistics (2003-2010)

Variables Mean Standard Deviation Minimum Maximum

Total number of patents applications 2.73 4.08 1 88
Total number of forward citations 3.31 5.65 1 104
Years of education 15.86 2.81 7 21
Required education (years) 15.69 0.92 13 16
Over-education (years) 1.01 1.89 0 8
Under-education (years) 0.83 1.46 0 9
Female (dummy) 0.11 0.32 0 1
Age 40 1.26 22 68
Foreign-born (dummy) 0.11 0.32 0 1
Firm size (nr of workers)
Small size 0.10 0.30 0 1
Medium size 0.14 0.35 0 1
Large size 0.75 0.43 0 1
Patent portfolio 57.85 7.73 1 1070.62
Areas of work
Metro areas 0.66 0.47 0 1
Urban areas 0.31 0.46 0 1
Countryside areas 0.03 0.18 0 1
Observations 3,127

Source: Statistics Sweden and CIRCLE data on inventors. Only inventors employed in 21 and 31
occupations are included. Since the majority of inventors do not change their level of mismatch
over time, we take the first occurrence of age, firm’s patent portfolio and firm size (time-variant
variables). Over-education is set to zero if the inventor is well-matched or under-educated, whereas
under-education is set to zero if the inventor is well-matched or over-educated. Years of education
and areas of work are not included in the regressions.

Figure 1: Histograms for the number of patent applications and forward citations (2003-2010)

15



Table 2: Levels and Fields of Education

Variables Share Standard Deviation

Level of education
Lower secondary level 0.01 0.09
Upper secondary level 0.10 0.30
Post secondary level (less than 2 years) 0.12 0.32
Post secondary level (up to three years) 0.15 0.36
Post secondary level (up to five years) 0.42 0.49
Postgraduate 0.20 0.40
Field of education
General education 0.02 0.13
Teaching 0.00 0.04
Humanities 0.01 0.08
Social Sciences 0.01 0.11
Science and Maths 0.10 0.31
Engineering 0.84 0.37
Agriculture 0.00 0.03
Health 0.01 0.12
Services 0.00 0.05
Observations 3,127

Source: Statistics Sweden and CIRCLE data on inventors. The levels
of education are classified according to Swedish Standard Classification of
Education (SUN) and aggregated as follows (see Table 9 in Appendix 1):
Lower secondary school (categories 10 and 20); Upper secondary school
(31, 32, 33); Post secondary level (less than 2 years) (41); Post secondary
level (up to three years) which corresponds approximately to a Bachelor’s
degree (52, 53); Post secondary level (up to five years) which corresponds
approximately to a Master’s degree (54, 55); Postgraduate (60, 62, 64).

Table 3: Sectoral classification for the sample of inventors (2003-2010)

Variables Share Standard Deviation

Manufacturing
Food, beverages and tobacco 0.004 0.064
Textile and leather products 0.003 0.051
Wood and wood products 0.003 0.054
Pulp, Paper and paper products, publishing and printing 0.053 0.224
Coke, refined petroleum products and nuclear products 0.004 0.067
Chemicals and chemicals products 0.067 0.250
Rubber and plastic products 0.012 0.108
Other non-metallic mineral products 0.002 0.047
Basic metal and fabricated metal products 0.061 0.239
Machinery and equipment N.E.C. 0.112 0.315
Electrical and optical equipment 0.214 0.410
Transport equipment 0.182 0.386
Manufacturing N.E.C. 0.001 0.036
Other sectors
Construction 0.004 0.064
Wholesale and Retail Trade, Repair and household goods 0.032 0.176
Renting and business activities 0.235 0.424
Education 0.006 0.076
Health and social work 0.002 0.044
Observations 3,127

Source: Statistics Sweden and CIRCLE data on inventors. Only inventors employed in
21 and 31 occupations are included. The Swedish sector classification (SNI2002) is linked
to ISIC Rev. 3. The remaining sectors (hotels and restaurants; financial intermediation;
activities of household; extra territorial organizations and bodies) do not report observations
of inventors employed in occupation 21 and 31 (SSYK, linked to ISCO-88) or in some cases
(agriculture, hunting and forestry; mining and quarrying; electricity, gas and water supply;
transport, storage and communication; public administration and defence; other community,
social and personal service activities) contain a small fraction of inventors.
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Baseline estimates

Table 4 and Table 5 present our baseline results of the relationship between the educational mismatch

variables (ORU) and inventor productivity, measured in terms of quantity and quality of patents, respectively7.

Estimates yielded by the negative binomial regression are based on standard errors robust to heteroskedas-

ticity. In Table 4, Column 1 reports the basic specification including only the ORU variables. The estimated

coefficients show that there exists a statistically significant association between educational mismatches and the

number of inventors’ patent applications. In particular, inventors holding a number of years of education in

excess (over-education) or in deficit (under-education) to the modal value of education (i.e. required education)

in a given occupation are associated with a lower inventive productivity relative to inventors with a similar

educational background, but rightly matched to occupation (i.e. β3 < β1 > β2). These results confirm the

empirical evidence found in the literature studying the relationship between educational mismatch and workers’

earnings (Korpi and T̊ahlin, 2009; Quintini, 2011). In particular, over-educated inventors filed a number of

patents higher than inventors who are well-matched in the same occupation (0.09), but perform poorly than

well-matched inventors who hold a similar amount of education (0.21 > 0.09). On the contrary, under-educated

inventors filed a number of patents lower than inventors who are appropriately matched in the same occupation

(−0.06), but more than well-matched inventors who hold the same amount of education (0.21 − 0.06 > 0). In

the remaining part of the table, we include several control variables. Column 2 includes age and age2, female

dummy variable, foreign-born status, the number of inventors in the same area of work and a set of dummies

for industry and technology fields of the patents. The inclusion of these controls do not affect the coefficients

associated with the ORU variables, which remain highly significant. The coefficient of female is negative and

statistically significant at the 1% level and indicates that women are less productive in terms of row number

of patents compared to men. This result conforms to earlier evidence that women scientists may suffer from a

productivity gap (Schettino et al., 2013; Ding et al., 2006).

As we expected, there exists a non-linear relationship between inventor productivity and age. The positive

and significant sign of age and the negative coefficient for its square value indicate that the number of patents

applied for increases less than proportionally with age (Frosch, 2011). The estimated coefficient associated with

foreign-born inventors is negative, but it is statistically insignificant, implying that foreigner inventors are as

productive as natives.

We also include the total number of inventors for each geographical area where the inventor works. The

coefficient is positive and statistically significant, denoting that the areas with a higher concentration of inventors

may be characterized by a greater knowledge transfer among inventors, which is likely to affect the creative

performance of individual inventors (Giuri and Mariani, 2013).

Column 3 refines the previous check including the average productivity of inventors by geographical area. It

is likely that inventors who work together in specific projects have frequent interactions, especially with more

prolific inventors, and this may exert a positive effect on the productivity of all inventors (i.e. peer effects).

7In the Appendix 2 we have also reported the estimates considering inventors employed in a broad number of occupations (beyond
sub-groups 21 and 31), with a number of observations sufficient to calculate the three ORU variables. Overall, the results are similar
to those restricted to the two occupations related to the professionals and technicians (sub-groups 21 and 31).
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Column 4 adds the average productivity of inventors distributed by industry of work. Accordingly, the

industry dummies are left out from the regression in order to avoid correlation issues. The coefficient is negative

and statistically significant which means that an increase in average patent productivity in the industry is

associated with a lower individual inventor productivity. This is likely to reflect inventive rivalry between

inventors working for firms in the same sector of activity. Alternatively, it may be that the larger is the number

of patents achieved in a sector the more difficult it is to get new patents, due to diminishing technological

opportunities of innovation activities (Jones, 1995b; Segerstrom, 1998; Bloom et al., 2016). Column 5 and 6

include respectively the firm size where the inventor is employed and the firm’s patent portfolio. More productive

inventors work in larger firms in which are more intensively engaged in patenting activity (Schettino et al., 2013).

When we account for the extent of firm’s patent portfolio, we observe a moderate decrease in the coefficient

size for required education. Large firms have a higher strategic propensity to patent their inventions than small

firms (Leiponen and Byma, 2009).

In the right-hand side of the table, we replicate the first set of regressions using high-school grade as additional

control. The aim of this variable is to control for individual ability, and hence its effect could be captured by

ORU variables. As discussed above, as long as individual inventor’s ability is correlated with both patent

productivity and educational mismatches (i.e. ORU), controlling for this effect may mitigate reverse causality

problems, namely that more productive workers have less chances to be mismatched. The coefficient of our

proxy for individual ability is positive and significant. Nonetheless, the inclusion of this variable does not affect

our results on the relationship between educational mismatch and inventor productivity, which remain highly

significant. The size of the coefficients reduces only marginally compared to the baseline values reported in

column 1. By controlling for individual ability, we do observe a change in the effect of inventor characteristics,

i.e. age and foreign-born background. This may reflect the correlation between these factors and high-school

grade, or may be simply due to the sample composition which is now smaller than in our earlier estimates.

Conversely, the impact of other controls remains unchanged after accounting for individual ability.

Table 5 presents our baseline results of the relationship between the ORU variables and the total number of

forward citations received over the entire period of analysis. Column 1 shows the results of our ORU variables

without the inclusion of controls. The mismatch indicators remain highly statistically significant and the size

of coefficients for required education and under-education decrease only marginally, while the coefficient for

over-education increases with respect to the estimates obtained with the number of patent counts. This means

that educational mismatch is not particularly detrimental for the value of patent applications.

Individual ability seems more correlated with the quality-adjusted patents than the number of patent ap-

plications (see col. 8). This may explain why the coefficient for required education is smaller than above and

the gap in the effects between over- and under-education is narrower. Indeed, in col. 12, the coefficient size

of over-education is somewhat smaller than found in the last column of Table 4. Conversely, the impact of

under-education is larger.

Finally, when patents are measured in terms of quality, the magnitude of the coefficient associated with firm

size increases. This finding contrasts the empirical evidence which suggests that a more quality-oriented patenting

activity should reduce the firms’ strategic propensity to patent, in particular for large firms (Granstrand and

Holgersson, 2012).
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Robustness checks

In this section, we assess the robustness of our baseline results and investigate the pattern of our findings

along different key inventors’ characteristics. More specifically, we inspect whether the effect of educational

mismatch changes between: 1) young and old inventors, 2) inventors working in metropolitan or urban and rural

area and 3) industry of activity. Overall, our baseline results are found to be robust across different specifications.

In Table 6 we distinguish the ORU variables among younger inventors (aged less than 45) and older inventors

(aged equal or higher than 45) in relation to both the total number of patents counts and forward citations8.

These results show that formal education matters more for younger and less experienced inventors. In fact,

we observe that the coefficients associated with required education are higher for younger than older inventors.

This may be explained by the fact that there are more graduates among youth than older inventors and younger

inventors are more likely to be mismatched at the beginning of their career. Moreover, the opportunity cost

of being over-educated is higher among younger inventors than older inventors. For the latter, the coefficients

becomes insignificant when we include the high-school grade in the regression. For older inventors, instead,

under-education covers an important role in terms of both quantity and quality of patents, whose coefficients

are high and always significant.

Table 6: Robustness checks: ORU variables distinguished by age (2003-2010)

Dependent variable: nr patents nr patents nr citations nr citations nr patents nr patents nr citations nr citations

Req. edu (younger) 0.271*** 0.254*** 0.250*** 0.227***
(0.0249) (0.0299) (0.0303) (0.0355)

Over-edu (younger) 0.0979*** 0.0983*** 0.109*** 0.108***
(0.0206) (0.0219) (0.0217) (0.0229)

Under-edu (younger) -0.0782*** -0.0444 -0.0895*** -0.0527
(0.0215) (0.0323) (0.0216) (0.0340)

High school grade 0.559** 0.615** 0.511 0.441
(0.254) (0.278) (0.350) (0.396)

Req. edu (older) 0.136*** 0.119** 0.147*** 0.121**
(0.0249) (0.0490) (0.0303) (0.0549)

Over-edu (older) 0.0466** 0.0240 0.0532* 0.0162
(0.0204) (0.0318) (0.0287) (0.0432)

Under-edu (older) -0.0760*** -0.117*** -0.101*** -0.186***
(0.0225) (0.0368) (0.0293) (0.0474)

Constant -3.383*** -6.408*** -2.883*** -6.134*** -1.131*** -3.799** -1.078** -3.108
(0.386) (1.386) (0.475) (1.509) (0.383) (1.659) (0.449) (2.063)

Log pseudo lik. -4294.39 -3455.02 -4647.18 -3729.91 -2020.61 -991.99 -2243.89 -1113.53
Pseudo R2 0.018 0.022 0.018 0.022 0.0194 0.019 0.019 0.018

Observations 2,057 1,633 2,057 1,633 1,010 477 1,010 477

Source: Statistics Sweden and CIRCLE data on inventors. Coefficient results and robust standard errors are reported. Only inventors employed
in 21 and 31 occupations (SSYK) are included. The dependent variable is the total number of patents applied and the total number of forward
citations (2003-2010). *** p<0.01, ** p<0.05, * p<0.1.

Table 7 assesses the robustness of our baseline results by analyzing whether ORU variables vary across the

geographical area where the inventor works. We hypothesize that mismatch should be lower in metropolitan

areas than urban or rural areas given the presence of higher job opportunities in larger cities (Abel and Deitz,

2015). We find that the coefficients associated with the ORU variables are in general quite similar across areas,

but those associated with required and over-education are slightly higher for inventors working in metro areas
8We have chosen to fix the threshold for younger and older inventors at 45 years. This allows us to have a number of observations

sufficient to calculate the three ORU variables.
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Table 7: Robustness checks: ORU variables distinguished by area of work (2003-2010)

1 2 3 4 5 6 7 8

Metropolitan area Not Metropolitan areas
Dependent variable: nr patents nr patents nr citations nr citations nr patents nr patents nr citations nr citations

Req. edu 0.229*** 0.189*** 0.200*** 0.186*** 0.184*** 0.194*** 0.185*** 0.173***
(0.0295) (0.0380) (0.0342) (0.0466) (0.0357) (0.0477) (0.0371) (0.0491)

Over edu 0.0946*** 0.0850*** 0.101*** 0.0993*** 0.0814*** 0.0837*** 0.0939*** 0.0819***
(0.0206) (0.0235) (0.0232) (0.0272) (0.0194) (0.0231) (0.0227) (0.0241)

Under edu -0.0609*** -0.0463 -0.0719*** -0.0918** -0.0614*** -0.0467 -0.0821*** -0.0675**
(0.0192) (0.0325) (0.0230) (0.0370) (0.0213) (0.0335) (0.0220) (0.0336)

High school grade 0.563** 0.361 0.401* 0.582**
(0.273) (0.313) (0.235) (0.249)

Constant -2.638*** -19.25 -1.984*** -3.823** -2.001*** -4.510*** -1.845*** -5.071***
(0.457) (12.82) (0.532) (1.702) (0.560) (1.358) (0.581) (1.456)

Log pseudo lik. -4006.24 -2865.07 -4388.82 -3137.12 -2506.79 -1719.02 -2718.1 -1854.25
Pseudo R2 0.02 0.02 0.018 0.02 0.019 0.02 0.02 0.02
Observations 1,881 1,312 1,881 1,312 1,246 838 1,246 838

Source: Statistics Sweden and CIRCLE data on inventors. Coefficient results and robust standard errors are reported. Only inventors employed
in 21 and 31 occupations (SSYK) are included. The dependent variable is the total number of patents applied and the total number of forward
citations (2003-2010). Areas of work are divided in metropolitan (i.e. Stockholm, Gothenburg and Malmö) and non metropolitan (i.e. urban and
countrysides areas). *** p<0.01, ** p<0.05, * p<0.1.

Table 8: Robustness checks: ORU variables distinguished by industry of work (2003-2010)

1 2 3 4 5 6 7 8

Low-intensity R&D industries High-intensity R&D industries/K-I Services
Dependent variable: nr patents nr patents nr citations nr citations nr patents nr patents nr citations nr citations

Req. edu 0.234*** 0.194*** 0.194*** 0.165*** 0.196*** 0.195*** 0.195*** 0.194***
(0.0372) (0.0477) (0.0441) (0.0591) (0.0289) (0.0365) (0.0309) (0.0405)

Over edu 0.116*** 0.0837*** 0.127*** 0.123*** 0.0696*** 0.0617*** 0.0778*** 0.0704***
(0.0262) (0.0231) (0.0273) (0.0301) (0.0165) (0.0202) (0.0213) (0.0261)

Under edu -0.0350 -0.0467 -0.0422 -0.0220 -0.0820*** -0.0963*** -0.102*** -0.136***
(0.0233) (0.0335) (0.0265) (0.0458) (0.0184) (0.0257) (0.0213) (0.0301)

High school grade 0.401* 0.378 0.504** 0.507**
(0.235) (0.391) (0.201) (0.235)

Constant -2.767*** -4.510*** -1.971*** -3.711* -2.123*** -5.051*** -1.913*** -4.826***
(0.578) (1.358) (0.690) (2.139) (0.451) (1.202) (0.479) (1.354)

Log pseudo lik. -2818.25 -1719.02 -3055.4 -2158.36 -3697.05 -2584.67 -4060.88 -2840.13
Pseudo R2 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02
Observations 1,330 838 1,330 920 1,797 1,230 1,797 1,230

Source: Statistics Sweden and CIRCLE data on inventors. Coefficient results and robust standard errors are reported. Only inventors employed
in 21 and 31 occupations (SSYK) are included. The dependent variable is the total number of patents applied and the total number of forward
citations (2003-2010). We distinguish between high-intensity R&D industries/Knowledge-Intensive Services (chemicals; machinery and equipment
n.e.c.; electrical and optical equipment; transport equipment; transport, storage and communication; financial intermediation; renting and business
activities) and low-intensity R&D manufacturing industries (all the remaining industries). *** p<0.01, ** p<0.05, * p<0.1.
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(without any substantial difference between the two types of indicators of patent performance).

In Table 8 we assess the robustness of our baseline results distinguishing by low-intensity and high-intensity

R&D industries9. We observe that the size of coefficients associated with required education is quite similar

among the two groups of industries. The coefficients of under-education are not significant in low-tech R&D

industries which may suggest that in these industries - characterized by a relatively low level of technological

sophistication - it is likely to apply for patents even with a level of education lower than that required. Over-

education has a greater opportunity cost in low-tech industries than in high-tech industries. A higher level of

education (compared to the modal education) acquires a greater importance in the low-tech industries where

over-educated inventors are particularly productive10. In these industries R&D management is less efficient in

allocating workers to the right R&D task, relying by far on learning-by-doing processes. In a specular way,

under-education has a higher opportunity cost in high-tech industries and knowledge intensive services. These

industries are characterized by a higher level of technological sophistication, hence under-educated inventors are

mostly penalized in terms of inventive productivity. Moreover, in high-tech industries the level of abilities plays

an important role. The coefficient of high-school grade is positive and statistically significant, but still it does

not affect the coefficients associated with the ORU model.

6 Conclusions

This study is the first attempt to measure the effects of educational mismatch on inventor productivity. We

have used original data on a sample of Swedish inventors from 2003 to 2010 and measured inventor productivity

both in terms of patent counts and patent quality. The cross-section analysis has been adopted after having

observed that the majority of inventors do not vary their level of mismatch over the period of analysis. Overall,

the results suggest that over-educated inventors file a total number of patents higher than inventors who are

appropriately matched in the same occupation (β2 > 0), but perform poorly than well-matched inventors who

hold a similar level of education (β2 < β1). Conversely, under-educated inventors file a total number of patents

lower than inventors who are well-matched in the same occupation (β3 < 0), but more than well-matched

inventors who hold the same level of education (β1 + β3 > 0).

We control our baseline results for a set of variables related to both individual and employer characteristics

and the pattern of ORU specification remains unchanged, even after a measure of individual ability is taken

into account. We assess the robustness of our results by investigating the pattern and the significance of ORU

model along some specific inventor characteristics. Our results show that formal education is more important for

younger inventors as younger well-matched inventors are more productive than their older counterparts. Simi-

larly, the opportunity cost of being over-educated is higher for younger than older inventors, while the opposite

is true for under-educated inventors. We also find that ORU model is robust to controlling for geographical areas

and industry of work. For the former, the differential effects between metropolitan and urban or rural areas are

quite smaller, and for the latter, over-educated inventors appear to have a higher opportunity cost in low-tech

industries, while under-educated are mostly penalized in high-tech industries, which are characterized by an
9The high-intensity R&D industries are: Chemicals and chemicals products (24), Machinery and equipment n.e.c. (29), Electrical

and optical equipment (30-33), Transport equipment (34-35), Transport and storage (60-63), Post and telecommunications (64),
Financial intermediation (65-67), Renting and business activities (71-74). The remaining industries are considered as low-intensity
R&D industries (see Appendix 3).

10Contrary to this finding, Mahy et al. (2015) find that the productivity effect of over-education in Belgium over the period 1999-2010
is stronger among firms with a higher share of highly-educated workers and active in high-tech and knowledge-based industries.
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intense technological competition and a rapid obsolescence of technology knowledge. In conclusion, it appears

that investment in education raises the inventor productivity, but the skill content and specific job requirements

may limit the inventor to fully utilize her abilities.
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Crespi, G. A., Geuna, A., and Nesta, L. (2007). “The mobility of university inventors in europe”. The Journal

of Technology Transfer, 32(3):195–215.

Dahlstedt, I. (2011). “Occupational Match”. Journal of International Migration and Integration, 12(3):349–367.

Desjardins, R. and Rubenson, K. (2011). “An analysis of skill mismatch using direct measures of skills”. OECD

Education Working Papers, OECD Publishing, Paris, (63):1–88.

Ding, W. W., Murray, F., and Stuart, T. E. (2006). “Gender differences in patenting in the academic life

sciences”. Science, 313(5787):665–667.

Duncan, G. J. and Hoffman, S. D. (1981). “The incidence and wage effects of overeducation”. Economics of

Education Review, 1(1):75–86.

Ejermo, O. and Kander, A. (2011). “Swedish business research productivity”. Industrial and Corporate Change,

20(4):1081–1118.

25



Flisi, S., Goglio, V., Meroni, E. C., Rodrigues, M., and Vera-Toscano, E. (2017). “Measuring occupa-

tional mismatch: overeducation and overskill in europeevidence from piaac”. Social Indicators Research,

131(3):1211–1249.

Frosch, K. H. (2011). “Workforce age and innovation: a literature survey”. International Journal of Management

Reviews, 13(4):414–430.

Giuri, P. and Mariani, M. (2013). “When distance disappears: inventors, education, and the locus of knowledge

spillovers”. Review of Economics and Statistics, 95(2):449–463.

Giuri, P., Mariani, M., Brusoni, S., Crespi, G., Francoz, D., Gambardella, A., Garcia-Fontes, W., Geuna, A.,

Gonzales, R., Harhoff, D., et al. (2007). “Inventors and invention processes in europe: Results from the

PatVal-EU survey”. Research Policy, 36(8):1107–1127.

Granstrand, O. and Holgersson, M. (2012). “The anatomy of rise and fall of patenting and propensity to patent:

the case of Sweden”. International Journal of Intellectual Property Management, 5(2):169–198.

Griffith, R. and Macartney, G. (2014). “Employment protection legislation, multinational firms, and innovation”.

Review of Economics and Statistics, 96(1):135–150.

Griliches, Z. (1998). “Patent statistics as economic indicators: a survey”. In “R&D and productivity: the

econometric evidence”, pages 287–343. University of Chicago Press.

Hall, B. H., Jaffe, A. B., and Trajtenberg, M. (2001). “The NBER Patent Citation Data File: Lessons, Insights

and Methodological Tools”. Working Paper 8498, National Bureau of Economic Research.

Harhoff, D., Scherer, F. M., and Vopel, K. (2003). “Citations, family size, opposition and the value of patent

rights”. Research Policy, 32(8):1343–1363.

Hartog, J. (2000). “Over-education and earnings: where are we, where should we go?” Economics of Education

Review, 19(2):131–147.

Hersch, J. (1991). “Education match and job match”. The Review of Economics and Statistics, pages 140–144.

Hoisl, K. (2007). “Tracing mobile inventors - The causality between inventor mobility and inventor productivity”.

Research Policy, 36(5):619–636.

Hoisl, K. (2009). “Does mobility increase the productivity of inventors?” The Journal of Technology Transfer,

34(2):212–225.

Hoisl, K. and de Rassenfosse, G. (2017). “Knowledge fit and productivity gains from mobility”. Working paper

in progress.

Hsieh, C.-T., Hurst, E., Jones, C. I., and Klenow, P. J. (2018). “The Allocation of Talent and US Economic

Growth”. Working paper, National Bureau of Economic Research.

Hunt, J. and Gauthier-Loiselle, M. (2010). “How much does immigration boost innovation?” American Economic

Journal: Macroeconomics, 2(2):31–56.

26



Jones, C. I. (1995b). “R & D-based Models of Economic Growth”. Journal of Political Economy, pages 759–784.

Jones, C. I. (2011). “Misallocation, Economic Growth, and Input-Output Economics”. NBER Working Papers

16742, National Bureau of Economic Research, Inc.
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Appendix 1

Table 9: Levels of education imputed into years of education

Categories Levels of Education Years of education

10 Lower secondary education (up to 9 years) 7
20 Lower secondary education (9-10 years) 9
31 Upper secondary education (less than 2 years) 10
32 Upper secondary education (2 years) 11
33 Upper secondary education (3 years) 12
41 Post-secondary education (less than 2 years) 13
52 Post-secondary education (2 years) 14
53 Post-secondary education (3 years) 15
54 Post-secondary education (4 years) 16
55 Post-secondary education (5 years) 17
60 Other postgraduate program 18
62 Licentiate program (half of PhD) 19
64 Doctoral program (4 years completed) 21

Source: The Swedish Educational Terminology (SUN) equivalent to ISCED97

Appendix 2

Tables 10 and 11 show the results of the effects of educational mismatch on inventor’s productivity including

all inventors employed in a set of occupations, but limited to those occupations for which was available a number

of observations that allow us to calculate the ORU variables (over-, required and under-education): corporate

managers (12), managers of small firms (13), scientists and engineers - professionals (21), business professionals

and others (24), technicians in science and engineering (31), life science and health technicians (32), other

associate professionals (34), office clerks (41) and plant and machine operators (82). Overall, the coefficients

estimated are similar to those restricted to 21 and 31 occupations.

Appendix 3

Sector list according to according to the Swedish Standard Industrial Classification (SNI1992 and SNI2007,

built on ISIC Rev. 3): Agriculture, Hunting and Forestry (01-05), Mining and Quarrying (10-14), Food, bever-

ages, tobacco (15-16), Textiles, leather and related products (17-19), Wood and products of wood and cork (20),

Pulp, paper and paper products, printing and publishing (21-22), Coke, refined petroleum products and nuclear

products (23), Chemicals and chemicals products (24), Rubber and plastic products (25), Other non-metallic

mineral products (26), Basic metals and fabricated metal products (27-28), Machinery and equipment n.e.c.

(29), Electrical and optical equipment (30-33), Transport equipment (34-35) and Manufacturing n.e.c. (36-37),

Electricity, gas and water supply (40-41), Construction (45), Wholesale and retail trade, Repair of motor vehi-

cles, motorcycles and Personal and household goods (50-52), Hotel and restaurants (55), Transport, storage and

communication (60-64), Financial Intermediation (65-67), Real estate, renting and business activities (70-74),

Public administration and defence, compulsory social security (75), Education (80), Health and social work (85)

and remaining sectors (90-93, 95, 99).
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