
 

 

 

 

Del 2.4 “Human capital spillovers: The 

importance of training” 

 
 

Submitted as part of Deliverable 2.4 of INDICSER (244 709):  
“Paper on links between productivity, innovation and ICT” 

 

December 2012 

 
 
 
The INDICSER project is funded by the European Commission, Research 

Directorate General as part of the 7th Framework Programme, Theme 8: 

Socio-Economic Sciences and Humanities, Grant Agreement no: 244 709 

  



 2 

Human capital spillovers: The importance of training 

 
Mary O'Mahony* and Rebecca Riley** 

 

*Birmingham Business School, University of Birmingham 

**National Institute of Economic and Social Research and LLAKES 

 
 
 

Abstract 

The economic returns to education are often thought to exceed the earnings premium 

received by educated workers due to the presence of knowledge spillovers. This study 

examines the magnitude of such spillover effects at sector level using longitudinal data 

on workers in four European countries. We find that the spillover effects from education 

to workers in the same sector and country increase with employers' investments in 

training.  
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1. Introduction 

Knowledge exchange between workers is thought to be an important driver of economic 

growth (see e.g. Romer, 1986; Lucas, 1988; Jovanovic and Rob, 1989). Because such 

knowledge exchange is external to individual workers' direct input into the production 

process workers may not be fully compensated for their contributions to economic 

output. A number of studies, in what is a growing literature, have sought to measure the 

extent of these externalities arising with the concentration of skilled workers at 

different levels of aggregation: the geographical level (Moretti, 2004a,b; Rosenthal and 

Strange, 2008; Heuermann, 2011), industrial sector level (Winter-Ebmer, 1994; 

Sakellariou and Maysami, 2004; Kirby and Riley, 2008), and establishment level (Battu, 

Belfield and Sloane, 2004; Martins and Jin, 2010; Bauer and Vorell, 2010). In general, the 

literature suggests that there are positive externalities associated with workers' human 

capital. Many studies follow an identification approach, pioneered by Rauch (1993), in 

which the returns to education are assessed simultaneously in a multi-level framework. 

This approach was further developed in Moretti (2004a) in order to deal with a number 

of econometric identification issues. In this paper we quantify sectoral spillovers from 

education following this approach. This is possible because of the longitudinal nature of 

the data that we use, allowing us to address identification issues that, to our knowledge, 

have not been considered in previous studies of sectoral human capital spillovers. Our 

analysis uses data from several countries; previous studies have focussed on sectors 

within a specific country. This is the first contribution of our paper.  

If spillovers to education occur within industries it seems natural to ask how these arise. 

This question has typically not been addressed in the empirical literature. Extending the 

basic model we consider whether employer provided training may contribute to 

knowledge transfer within an industry. There are a number of reasons why this may be 

the case. First, employer provided training is likely to improve the application and 

relevance of education in the production process. If this is the case we may observe a 

complementarity between an individual employee's education and training, resulting in 

increased wages. Quite separately, these complementarities between education and 
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training may also result in increased spillovers from education. In other words, a skilled 

employee who engages in training may increase her wages as a result of that training, 

because it enables her to make better use of the skills she has acquired at school. It may 

also  increase the relevance of the ideas that she then shares with her co-workers. It is 

this latter mechanism that we investigate. Second, the training process may itself 

provide a forum for knowledge exchange. Third, training may enhance the outside 

options to the employee and may therefore encourage knowledge transfer via 

employees' mobility within the sector.  

To examine the relationship between training and spillovers from education we 

measure the intensity of training received by skilled workers in the industry. We follow 

the approach to measuring training capital stocks developed in O'Mahony (2012), but 

distinguish explicitly the training capital stock of skilled workers from the rest of the 

training stock as in Mason et al. (2012). Other intangible inputs may also be important 

facilitators of knowledge transfer. Using EUKLEMS data we also control for sectoral IT 

use.  

The paper proceeds as follows. The next section sets out our identification strategy. 

Section 3 discusses the data that we use. Section 4 presents out results and a final 

section concludes. 

 

2. Identification and methods 

Identifying spillovers from education 

The standard Mincerian approach to identifying wage spillovers from human capital 

assesses the significance of aggregate human capital terms in individual level wage 

regressions (Rauch, 1993). The methodology is illustrated in equation (1).  

𝑙𝑛𝑊𝑖𝑎 = 𝛽𝐼𝑁𝐻𝑖 + 𝛽𝐸𝑋𝐻𝑎 + 𝑜𝑡ℎ𝑒𝑟 𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠 + 𝑒𝑟𝑟𝑜𝑟 𝑡𝑒𝑟𝑚  (1) 

Here 𝐻𝑖  is an indicator of whether individual 𝑖 has tertiary education, and 𝐻𝑎  measures 

the share of individuals with tertiary education in unit 𝑎. The dependent variable 𝑙𝑛𝑊𝑖𝑎  
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measures log wages for individual 𝑖 working in unit 𝑎. In this set-up 𝛽𝐼𝑁  measures the 

private return to education and 𝛽𝐸𝑋  measures the external return to education 

(spillover from education) within unit 𝑎. One of the potential problems with this 

approach is that estimates of the parameter 𝛽𝐸𝑋  may be positive simply due to 

production complementarities between high and low skilled workers. One way of 

ensuring that estimates of 𝛽𝐸𝑋  do not conflate spillovers from education with 

complementarities between high and low educated groups is to estimate equation (1) 

for a sample of high skilled individuals only (Moretti, 2004b). This is the approach that 

we adopt. 

In our context unit 𝑎 refers to a particular sector 𝑗 within country 𝑐. Because we restrict 

the sample to individuals 𝑖 with 𝐻𝑖 = 1 the private return to tertiary education 𝛽𝐼𝑁  is 

subsumed within the constant term of the equation. Our estimating equation becomes: 

𝑙𝑛𝑊𝑖𝑗𝑐𝑡 = 𝛽𝐸𝑋𝐻𝑗𝑐𝑡 + 𝛼𝑋𝑖𝑡 + 𝛾𝑍𝑗𝑐𝑡 + 𝛿𝑗𝑐 + 𝛿𝑡 + 𝑢𝑖𝑗𝑐𝑡    (2) 

where the dependent variable 𝑙𝑛𝑊𝑖𝑗𝑐𝑡  denotes log wages for individual 𝑖 working in 

sector 𝑗 within country 𝑐 at time 𝑡, 𝐻𝑗𝑐𝑡  measures the share of individuals with tertiary 

education in sector 𝑗 within country 𝑐 at time 𝑡, 𝑋𝑖𝑡  is a set of individual controls which 

may change over time, 𝑍𝑗𝑐𝑡  is a set of sector-country specific controls which may change 

over time, the 𝛿𝑗𝑐  net out sector-country specific fixed effects and the 𝛿𝑡  net out 

common time trends.  The term 𝑢𝑖𝑗𝑐𝑡  is an error term, discussed in more detail below.  

Assessing the importance of training in determining spillovers from education 

Next, we extend this model to investigate the determinants of sectoral spillovers from 

education. We assume that these depend on the amount of training that employers 

have invested in, for the reasons discussed in the previous section. Specifically, we 

assume that the percentage change in individuals' wages resulting from an increase in 

sector level education is a simple linear function of training: 

𝛽𝐸𝑋 = 𝜂 + 𝜋𝑇𝑅𝑁𝑗𝑐𝑡         (3) 
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In equation (3) 𝑇𝑅𝑁𝑗𝑐𝑡  measures the intensity of employer provided training in sector 𝑗 

within country 𝑐 at time 𝑡. Substituting the expression in equation (3) into our model of 

spillovers in equation (2) we get: 

𝑙𝑛𝑊𝑖𝑗𝑐𝑡 = 𝜂𝐻𝑗𝑐𝑡 + 𝜋𝑇𝑅𝑁𝑗𝑐𝑡𝐻𝑗𝑐𝑡 + 𝛼𝑋𝑖𝑡 + 𝛾𝑍𝑗𝑐𝑡 + 𝛿𝑗𝑐 + 𝛿𝑡 + 𝑢𝑖𝑗𝑐𝑡  (4) 

In equation (4) the parameter 𝜋 on the interaction term between sector level education 

and training intensity denotes the marginal effect of training on the percentage change 

in wages with respect to sector level education. If this is positive, then employer 

provided training is associated with increasing spillovers to wages from education within 

the sector (i.e. increased knowledge transfer).  

To avoid potential confusion between the impact of sectoral training on spillovers from 

education with either spillovers to wages from training or a complementarity between 

training and skilled labour, we include 𝑇𝑅𝑁𝑗𝑐𝑡  in 𝑍𝑗𝑐𝑡 . We also include a measure of 

individuals' own participation in vocational training in 𝑋𝑖𝑡 . Because training is typically 

undertaken by skilled employees, sectoral training and education are positively 

correlated. To break this correlation and to facilitate identification we are careful to 

measure the training of skilled workers only.  

Estimation issues 

Following Moretti (2004a) we specify the error term 𝑢𝑖𝑗𝑐𝑡  as shown in equation (5). 

𝑢𝑖𝑗𝑐𝑡 = 𝜔𝑗𝑐 𝜃𝑖 + 𝑣𝑗𝑐𝑡 + 휀𝑖𝑗𝑐𝑡        (5) 

Here 𝜃𝑖  denotes a permanent individual effect which is unobserved; we call this 

unobserved ability and the return to this unobserved ability may vary across different 

sectors-countries as illustrated by 𝜔𝑗𝑐  (for example, the wage return to ability may be 

significantly higher in the financial sector than in the public sector). The term 𝑣𝑗𝑐𝑡  

denotes unobserved shocks to skilled wages in sector 𝑗 within country 𝑐 at time 𝑡; 휀𝑖𝑗𝑐𝑡  is 

iid across individuals, sectors, countries and time.  

In terms of achieving unbiased estimates of the spillovers from education and potential 

determinants of these spillovers, the models described by equations (2) and (5) and by 
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equations (4) and (5) point to two potential sources of bias. The first of these is the 

possibility that individuals select on some unobserved factor into high skill sectors (in 

terms of either education or training). If this is the case then we have 𝑐𝑜𝑣(𝜃𝑖 ,𝐻𝑗𝑐𝑡 ) ≠ 0 

or 𝑐𝑜𝑣(𝜃𝑖 ,𝑇𝑅𝑁𝑗𝑐𝑡 ) ≠ 0 and our estimates of 𝛽𝐸𝑋 , or 𝜂 and  𝜋, may be biased, capturing 

sectoral returns to some unobserved attribute rather than spillovers from education. 

The main concern is that high ability individuals select into high skilled industries, where 

the returns to both observed and unobserved skills are likely to be higher than in low 

skill sectors. If this is the case then our spillover estimates will be biased upwards. To 

counter this source of potential bias we include in some of our models individual-sector-

country fixed effects. As in Moretti (2004a), identification of spillovers is then off 

changes over time in aggregate level skills for those individuals who remain in the same 

industry. This does turn out to be important in equation (5), but appears to be less of an 

issue in estimating equation (2), suggesting that in our data high ability individuals do 

select into high training sectors.  

Another concern is that our results are driven by some unobservable factor at the 

sector-country level that is correlated with sector level education or training;  

𝑐𝑜𝑣(𝑣𝑗𝑐𝑡 ,𝐻𝑗𝑐𝑡 ) ≠ 0. The fixed effects 𝛿𝑗𝑐  remove permanent differences across sector-

country pairs. We also include other sectoral covariates that may influence wages and 

that are correlated with skills: sectoral capital and IT intensity, average productivity and 

employment growth.   

We estimate our models using generalised least squares allowing for sector-country-

time random effects to take into account the heteroscedasticity that results from the 

multi-level error structure;  avoiding biased t-statistics.  

 

3. Data  

The European Community Household Panel (ECHP) 

Our main data source on individuals is the European Community Household Panel 

(ECHP) survey. The data is available on a harmonised basis (across countries) and is 
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available for 8 annual waves (1994-2001). The survey contains information on 

individuals' earnings from employment and highest educational qualification, as well as 

training and other demographic characteristics. Individuals can be tracked over time, 

which allows us to account for selection on unobservables, as discussed in the previous 

section. Looking at the data we find that some individuals appear to de-skill over time 

(i.e. lose educational qualifications). There are also some discontinuities in the way that 

highest educational qualifications are recorded over time. We exclude countries where 

these issues are prevalent and restrict the sample to those individuals who are highly 

skilled upon entering the survey and who remain so. Country coverage is also 

determined by the availability of the sectoral level training data. We focus on four 

European countries: France, Spain, Germany and the UK. 

Sectors are coded to a relatively aggregate level. To match the data with the other 

datasets we use (described below) we need to further aggregate sectors. The resulting 

sectoral grouping is: Agriculture, Mining, and Utilities; Manufacture of food, beverages 

and tobacco; Manufacture of textiles and paper products, publishing; Manufacture of 

coke, petroleum products, chemicals, and plastics; Manufacture of metal products, 

machinery and equipment; Other manufacturing; Construction; Wholesale and retail; 

Hotels and restaurants; Transport, storage and communication; Business services; Other 

community, social and personal services. We exclude the public sector, for which we do 

not have information on other production inputs, and the financial sector, where 

earnings may not be fully reflected in the data.  

Individuals are asked whether they participated in training in the last year, and if so 

what type of training. In particular, we are able to distinguish whether individuals 

participated in vocational training, allowing us to control for individual level training in 

the wage regressions. These training data have previously been used by Arulampalam et 

al. (2004) to study on-the-job skills acquisition and life-long-learning and are discussed 

in some detail there.  

We restrict our attention to male full-time employees age 26-55 with one job who have 

tertiary education (ISCED 5-7). Resulting sample sizes by country and sector are shown 
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in Table 1. Table 2 shows individual level characteristics (included in estimation) for this 

sample.  

Training stocks and other industry level data 

Training capital stocks are constructed as described in O'Mahony (2012). These treat 

employers' expenditure on vocational training as an investment flow that is then 

capitalised. As in Mason et al (2012), training stocks are differentiated by the education 

level of the individuals who receive the training. For our purposes we use employer 

provided training stocks of individuals with tertiary education. These are measured at 

the sectoral level and are compiled from harmonised labour force surveys (EU LFS)1. 

Data are available from 1995 onwards. 

All other sector level data items, including the share of the sectoral labour input that is 

qualified to tertiary education level, is derived from EU KLEMS (O'Mahony and Timmer, 

2009). We use sector-country specific output price deflators to convert individuals' 

wages into real wages. Table 2 shows the distribution of the sector-level data items 

across individuals included in the estimation sample. We also show the distribution of 

annual changes in these data items, because identification occurs off changes in these 

series over time.  

 

4. Results 

Sector level externalities from education 

We first show the results of estimating equation (2), which allows us to identify 

spillovers from sector level tertiary education. As discussed above, these are identified 

off a sample of workers all of whom have tertiary education, and hence the results are 

clean of any complementarity effects between higher and lower educated workers. 

Results are shown in Table 3. The top half of the table shows the coefficients on 

individual level characteristics that we can control for. These are relatively standard 

                                                 
1
 We are unable to use the EU LFS for the individual level data as the data that is made available does not 

include earnings. Furthermore, the EULFS does not have a sufficient longitudinal dimension.  
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controls in individual level wage regressions. The bottom half of the table shows the 

coefficients on the aggregate level controls, which vary by country, industry and year. 

Although not shown, we also include year effects. In column (a) the model also includes 

country-industry specific fixed effects. In column (b) the model includes individual-

country-industry specific fixed effects. Both models allow for country-industry-year 

random effects to allow for the heteroscedasticity introduced by including variables 

aggregated to this level and are estimated by generalised least squares. 

Looking first at the individual level coefficients in model (a), all of these are of the 

expected sign. In particular, we observe wage premia associated with the managerial 

and professional occupations and with participation in vocational training. Recall that 

we do not include controls for individuals' highest qualification as we have restricted the 

sample to employees with the highest level of qualifications observed in the data. We 

also find positive returns to age, which is closely correlated with labour market 

experience, and job tenure. As is standard, we also find evidence of decreasing marginal 

returns to both these characteristics. 

Looking next at the industry-country level coefficients in model (a) in the lower half of 

Table (3), we see that wages for highly educated employees' are positively related to the 

share of similarly skilled individuals amongst employees in the same sector and country. 

This relationship is statistically significant at the 10% level. The magnitude of these 

estimates imply that a percentage point increase in the share of tertiary educated 

workers in the sector raises individuals' wages by approximately 0.8%. We also find a 

positive relationship between the intensity of employer provided training for skilled 

workers in the sector, measured here as the stock of employer provided training for 

skilled workers relative to the hours worked by skilled workers, and the wages of skilled 

workers. Again, this relationship is statistically significant at the 10% level only. This 

suggests that individuals' wages are influenced not only by the training that they 

undergo themselves, but also by the training that similar employees in the same sector 

participate in. This result is consistent with a spillover effect from employer provided 

training. But, it may also capture a complementarity between individuals with more and 
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less training. We are unable to distinguish between these two explanations with the 

data that is available, and this is in any case not our main focus.  

We find no relationship between aggregate IT use and individuals' wages (note, we are 

unable to control for individuals' own IT use). We find a negative relationship between 

sector level capital intensity (measured as the ratio of non-IT capital to labour) and 

individuals' wages. This may seem counter-intuitive, in so far as wages are meant to 

proxy productivity (although we consider only skilled wages and capital is measured 

relative to the entire labour input). But, recall that identification is off changes over time 

in the ratio of capital to labour that are idiosyncratic across country-sectors. Our data 

suggest that skilled individuals' wages are lower in those sectors where either capital is 

increasing or the aggregate labour input is contracting faster than in other sectors. 

When we exclude country-sector fixed effects the negative relationship between 

individuals' wages and the sector wide ratio of capital to labour disappears (not shown; 

in such models we also find a positive and statistically significant relationship between 

skilled individuals' wages and the sector wide ratio of IT capital to labour).  Aggregate 

level productivity more generally, as captured by the ratio of valued added to labour, is 

positively associated with (skilled) individuals' wages as we might expect; this 

relationship is statistically significant. Sector level employment trends (over the previous 

5 years) are not statistically significant in this model.  

Taking advantage of the longitudinal nature of the data, the model in column (b) 

includes individual-country-sector fixed effects. As discussed in section 2, this allows us 

to control for individual (unobserved) ability as well as potential selection of high ability 

individuals into high-paying sectors where workers typically are high skilled and where 

employers may provide ample training. Because many individual level attributes do not 

change over time, identification of the individual level coefficients in model (b) is off a 

smaller set of observations. Controlling for individual unobserved ability it is 

unsurprising that the estimated returns to managerial and professional occupations and 

to vocational training are significantly reduced in comparison to the estimates 

presented in column (a). Indeed the latter is no longer statistically different from zero.  
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Looking at the coefficients on the aggregate level variables in model (b) we see that the 

magnitude of the relationship between the wages of individual highly educated 

employees and the share of highly educated employees in sectoral employment is much 

the same as in model (a). The estimated spillover from tertiary education is more 

precisely  determined in model (b). Thus, controlling for unobserved ability and 

potential selection of high ability individuals into high performance sectors does not 

change the suggestion in the data that there are positive sector level spillovers from 

education to individuals' wages. It does change the coefficient on sector level training. In 

model (b) this is no longer significantly different from zero.  

In conclusion, estimating a relatively standard model of skilled workers' wages we find 

evidence that is consistent with the presence of sector level externalities from higher 

education. This finding is in line with a number of previous studies of industry level 

spillovers from education; e.g. those mentioned in the introduction section. Our analysis 

provides a stronger test as to the existence of such externalities than has been possible 

in previous work, due to the longitudinal nature of the data that we use; although we 

find that controlling for unobserved ability does not change the estimated spillover 

parameter in the models in Table 3.  

Training and sector level externalities from education 

In Table 4 we report the results of estimating our main model of interest, as described in 

equation (4). Here we include interaction terms between training intensity and 

education at sector level. These are not to be confused with the same interaction at the 

individual level, which is controlled for via the inclusion of the individual level vocational 

training variable and the sample restriction (which means we focus on the earnings of 

skilled employees only). Thus, the sector level interaction term captures the association 

between sector level education spillovers and training provision. In Table 4 we do not 

show the coefficients on all the individual level controls, as these are not our main focus 

and are similar to those presented in Table 3. Instead we just report the coefficients on 

the aggregate level controls. In column (1) we simply augment the models in Table 3 

with the sector level interaction term between education and training. Again column (a) 
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shows the model including only country-sector level fixed effects. The model in column 

(b) includes individual-country-sector fixed effects.  

In these models we again find evidence of a spillover from sector level education to 

individuals' wages; the coefficient on the share of tertiary education hours in total 

sector hours is positive and statistically significant. More importantly, in terms of the 

focus of this paper, we find a positive and statistically significant interaction between 

sector level education and training. This suggests that spillovers from education within 

broad sectors are stronger when employers engage in training (of high skilled workers). 

As expected, the estimated magnitude of this relationship is smaller in model (b) where 

identification is more stringent. This is the model where we control for unobserved 

ability and selection of high ability individuals into high performance sectors; this turns 

out to be important in terms of the estimated coefficients on key variables.  

In model (b) our estimates imply that the spillover from sector level education to 

individuals' wages is equal to 1.024+0.351*ln(training); see equation (3). Evaluated at 

the sample mean or median this implies that a percentage point increase in the share of 

tertiary educated workers in the sector raises individuals' wages by around 1%. The 

estimates imply that a doubling of the training capital stock (of skilled workers) raises 

the magnitude of this education spillover elasticity by around a quarter of a percentage 

point. To put this in the context of the data analysed, a doubling of the training capital 

stock is equivalent to one standard deviation in log tertiary training capital per tertiary 

hours. Thus, the difference in the magnitude of sectoral spillovers from education varies 

by around 1 percentage point between sectors/countries with the highest training 

intensity compared to those with the lowest training intensities.  

In columns (2) and (3) we look at the sensitivity of the estimates to dropping different 

aggregate level controls. In column (2) we exclude productivity and employment 

growth. These controls are included in our main model to account for sector level 

influences on wages other than skills. When we exclude these controls the sector level 

interaction term between training and education is significantly larger in magnitude 

than in our main model in column (1). We also see, particularly in (2b), that the 
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exclusion of productivity increases the coefficients on other covariates of productivity. 

In column (3) we drop capital intensity from the equation. This leads to a substantial 

reduction in the coefficient on the share of tertiary education hours, which ceases to 

signify. But, it does not lead to a very significant change in the magnitude of the 

coefficient on the sector level interaction term between training and education. To 

summarise, the results reported in Table 4 suggest that training is important in 

facilitating sectoral spillovers from education. This finding is consistent with a story 

where employer provided training encourages knowledge transfer within a sector. 

Robustness checks 

In Table 5 we report some robustness checks on our main findings. One concern is that 

the interaction term between sectoral training and education intensities simply captures 

some non-linearity in the relationship between sector level education and individuals' 

wages. To check whether this is the case we show in Table 5 column (1) the results of 

including a quadratic, rather than just a linear term, in sector level education. The model 

in column (2) includes a cubic in sector level education. As before, models (a) and (b) are 

distinguished by the type of fixed effects included. Comparing these results to our main 

model in Table 4 column (1) we see that these changes to the  model make no 

difference to our main results. We still find that spillovers from education are positively 

associated with employers' engagement in training. The coefficient on the interaction 

term between sector level education and training remains positive and statistically 

significant. 

Another potential concern is that the interaction term of interest masks an association 

between spillovers from education and some other factor that we have not taken into 

account. In column (3) we include in the model the interaction between the share of 

tertiary education hours in total sector hours with log IT capital per hour. Because we 

are unable to control for individuals' use of IT the IT terms are likely to capture a mixture 

of the individual and sector level contributions of IT to the wages of high skilled workers. 

In model (a) the main coefficient of interest remains positive and statistically significant. 

In other words, we still find a role for training in determining the magnitude of spillovers 
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from education within the sector. But, in model (b), although the coefficient on the 

interaction term between training and education remains positive, it is smaller than in 

previous models and is no longer precisely estimated. (Note that when we include 

interaction terms between education and other aggregate level variables than IT the 

interaction term between training and education remains statistically significant as in 

previous models; this is also the case when we exclude productivity from model (3b) in 

Table 5; these additional models are not shown.) In this model, Table 5 column (3b), we 

find instead that the interaction between education and IT is positive and statistically 

significant. This may suggest that IT increases spillovers from education within the 

sector.  Certainly, it seems reasonable to suggest that the expansion of IT use may have 

facilitated the sharing of ideas, technologies and experience. But, it is possible that we 

may just be picking up some complementarity between IT use and education.  

The robustness checks provided in Table 5 do not change the general picture that 

emerges from our analysis, i.e. that training is positively associated with sectoral 

spillovers from education. This relationship is reasonably robust, although some of our 

models suggest that IT intensity may have a role to play in this relationship.   

 

5. Summary and conclusions 

In this paper we use the ECHP in conjunction with newly developed data on employers' 

training stocks to investigate two things. First, the presence of sector level spillovers 

from education to individuals' wages. Second, the role that training may play in 

generating such spillovers. We make use of the longitudinal nature of the ECHP to 

address a number of econometric issues that arise in examining externalities, using 

individual wage regressions combined with industry level data, that have not been 

addressed in previous studies. Using sample restrictions we are able to distinguish 

externalities from education from potential complementarities between more and less 

educated workers. Because we are able to measure employers' training capital by skill 

level we are able to separate variation in sectoral training from variation in sectoral 
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education levels more generally, allowing us to explore the role of training in 

determining spillovers from education.  

Much as previous research on industry level spillovers from education we find, using 

cross-country individual and sectoral data, that indeed the evidence is consistent with 

the existence of such spillovers. The magnitude of these effects is non-negligible. 

Consider for example the return to an individuals' investment in tertiary education. For 

an individual, tertiary education carries a wage premium of around 20% (relative to 

someone with upper secondary education; the wage premium may be twice as high 

compared to someone with lower secondary education); see  the review in Walker and 

Zhu (2001). Our estimates suggest that high skilled individuals' wages increase by 

around 0.8-1.0% when the proportion of individuals with similar levels of education in 

the sector rises by 1 percentage point. On average across individuals in our sample 

(similarly for the median worker) we find that the share of workers with tertiary 

education in a sector rises by around half a percentage point per annum. This implies 

that for the median high skilled worker knowledge spillovers from higher education 

within the sector are increasing their wages by 0.5% per annum. In our data the share of 

high skilled workers in the sector varies between 6% and 46%. According to our 

estimates, the wage differential between these two sectors that arises due to 

knowledge spillovers from education is in the order of 40%. 

The question of what might generate such spillovers from education is very much 

underexplored in the literature. Using data on employers' engagement in training of 

skilled workers we find evidence that training may be important in this context. 

Specifically, we find a positive association between the estimated magnitude of 

education spillovers and the intensity of training in the industry. Again the magnitude of 

the effects we identify is economically significant. The difference in the magnitude of 

sectoral spillovers from education between sectors/countries with the highest training 

intensity compared to those with the lowest training intensities is in the order of 1 

percentage point. As discussed in the paragraph above, education spillovers of this 
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magnitude are potentially very significant in terms of explaining wage (and by 

association productivity) differences across sectors and countries. 

Our results on human capital externalities point to well-known market failures in the 

market for skill formation, but perhaps also some new ones. First, as highlighted in 

other studies (e.g. Kirby and Riley, 2008), the presence of externalities from education 

imply that individuals do not internalise the full benefits of their investments in 

education. This could lead to underinvestment in education relative to the socially 

optimal level if individuals are expected to bear the full costs of these investments. Our 

results also suggest that individuals may not recoup their investments in on-the-job 

training, in so far as part of the return from such training has wider benefits via its role 

in enhancing sectoral spillovers from education. It is well known that incentives for 

employers to provide such training are mitigated by the fact that employees can move 

from one employer to another. Our findings may point to another reason why individual 

employers may fail to provide sufficient training. If the return to these investments in 

training occurs partly via increased sectoral knowledge spillovers, individual employers 

may not capture the full gains of these investments and therefore such training may be 

better organised at a relatively aggregate level. Strictly speaking we do not know 

whether the sectoral spillovers that we identify arise within or between workplaces, and 

hence we are unable to say with any certainty whether this particular aspect of market 

failure is important.  

We have highlighted one mechanism by which spillovers from employees' education is 

likely to occur. No doubt there are others. Our results suggest somewhat tentatively 

that IT may also have a role to play in generating knowledge spillovers.  
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Tables 

 

Table 1. Distribution of estimation sample across sectors and countries  
                    

  Sector   France Spain Germany UK   All   

  
 

                

  
A, B, C, 

E   63 142 131 131   467   

  DA   48 83 50 91   272   

  DB-DE   60 96 51 125   332   

  DF-DI   109 101 217 217   644   

  DJ, DK   126 181 325 169   801   

  DL-DN   306 165 382 380   1233   

  F   78 105 212 180   575   

  G   267 182 190 314   953   

  H   ~ 27 ~ 59   116   

  I   164 169 83 266   682   

  K   459 247 235 623   1564   

  O   116 111 111 118   456   
                    

Source: European Community Household Survey 
     Notes: ~ indicates information suppressed for disclosure reasons. 

     

 



Table 2. Sample characteristics  
                

    Mean 
Std. 
Dev. Median 1%tile 99%tile   

  Individual level variables             
  Log real hourly wage (1997$) 2.678 0.494 2.725 1.472 3.644   
  Change in log real hourly wage (1997$) 0.049 0.199 0.043 -0.480 0.648   
                
  Managerial & Professional occupations 0.720 0.449 1 0 1   
  Married 0.707 0.455 1 0 1   
  Age 39.095 8.217 39 26 55   
  Job tenure 6.479 6.167 4 0 21   
  Permanent contract 0.933 0.250 1 0 1   
  Vocational training course 0.218 0.413 0 0 1   
                
  Sector/country level variables             
  Share of tertiary education hours 0.239 0.099 0.240 0.066 0.462   
  Log tertiary training capital per tertiary hours (1997$) 0.048 0.690 -0.108 -1.379 1.406   
  Log IT capital per hour (1997$) -0.021 0.876 0.033 -2.555 1.623   
  Log plant, property and equipment capital per hour (1997$) 2.012 0.697 2.079 0.018 3.357   
  Log gross value added per hour (1997$) 3.131 0.452 3.080 2.458 4.469   
  Employment growth (over last 5 years) 0.017 0.149 0.018 -0.298 0.341   
                
  Change in share of tertiary education hours 0.006 0.011 0.005 -0.019 0.033   
  Change in log tertiary training capital per tertiary hours (1997$) -0.002 0.081 0.006 -0.202 0.179   
  Change in log IT capital per hour (1997$) 0.129 0.066 0.118 0.009 0.310   
  Change in log plant, property and equipment capital per hour (1997$) 0.022 0.032 0.018 -0.055 0.154   
  Change in log gross value added per hour (1997$) 0.023 0.040 0.020 -0.052 0.142   
  Change in employment growth (over last 5 years) 0.024 0.052 0.023 -0.094 0.160   
                

Source: European Community Household Panel 

      



Table 3. Standard model of spillovers from tertiary education 
                
    

(a) 
  

(b) 
  

        
                

  Managerial & Professional occupations 0.338*** (0.000)   0.021* (0.060)   

  Married 0.069*** (0.000)   0.021* (0.095)   

  Age 0.082*** (0.000)   0.750*** (0.003)   

  Age squared -0.001*** (0.000)   -0.001*** (0.000)   

  Job tenure 0.011*** (0.000)   0.005** (0.037)   

  Job tenure squared -0.000 (0.552)   -0.000* (0.057)   

  Workplace size: <50 employees -0.175*** (0.000)   -0.043*** (0.000)   

  Workplace size: 50-499 employees -0.022 (0.168)   -0.034*** (0.003)   

  Workplace size: 500+ employees 0.096*** (0.000)   -0.032*** (0.004)   

  Permanent contract 0.122*** (0.000)   0.051*** (0.001)   

  Vocational training course 0.039*** (0.000)   0.007 (0.282)   
                

  Share of tertiary education hours 0.869* (0.098)   0.842*** (0.006)   

  Log tertiary training capital per tertiary hours 0.108* (0.088)   0.040 (0.282)   

  Log IT capital per hour 0.019 (0.677)   0.043 (0.132)   

  Log fixed capital per hour -0.462*** (0.000)   -0.421*** (0.000)   

  Log gross value added per hour 0.253*** (0.000)   0.198*** (0.000)   

  Employment growth (over last 5 years) -0.099 (0.157)   0.025 (0.549)   

                

  Observations 8,095     8,095     

  Individuals 2239     2239     

  Country/Industry fixed effects 48           

  Individuals*Country/Industry fixed effects       2879     

  Country/Industry/Wave random effects 333     333     
                

Notes: Dependent variable is the log hourly wage; Additional controls include year effects.  
   

 

 

 

  

  



Table 4. Training and spillovers from tertiary education 
                      

    (1)   (2)   (3)   

    (a) (b)   (a) (b)   (a) (b)   
                      

  Share of tertiary education hours 1.364** 1.024***   1.121** 0.836***   0.383 0.293   

    (0.013) (0.001)   (0.040) (0.008)   (0.436) (0.319)   

  Log tertiary training capital per tertiary hours -0.018 -0.011   -0.087 -0.061   -0.139** -0.109***   

    (0.818) (0.813)   (0.228) (0.158)   (0.047) (0.010)   

  Interaction between education and training 0.843*** 0.351**   1.063*** 0.474***   0.879*** 0.395**   

    (0.003) (0.042)   (0.000) (0.005)   (0.002) (0.022)   

  Log IT capital per hour -0.015 0.030   0.008 0.060**   -0.021 0.018   

    (0.745) (0.298)   (0.865) (0.034)   (0.656) (0.529)   

  Log fixed capital per hour -0.451*** -0.414***   -0.333*** -0.358***         

    (0.000) (0.000)   (0.002) (0.000)         

  Log gross value added per hour 0.204*** 0.180***         0.128* 0.117***   

    (0.006) (0.000)         (0.073) (0.007)   

  Employment growth (over last 5 years) -0.073 0.035         -0.005 0.106**   

    (0.296) (0.407)         (0.946) (0.010)   
                      

  Observations 8,095 8,095   8,095 8,095   8,095 8,095   

  Individuals 2239 2239   2239 2239   2239 2239   

  Country/Industry fixed effects 48     48     48     

  Individuals*Country/Industry fixed effects   2879     2879     2879   

  Country/Industry/Wave random effects 333 333   333 333   333 333   
                      

Notes: Dependent variable is the log hourly wage; Additional controls include year effects, indicator for managerial and professional occupations, 
marriage, quadratic in age and quadratic in job tenure, workplace size, permanent contract, vocational training course.  
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Table 5. Robustness checks 
                      

    (1)   (2)   (3)   

    (a) (b)   (a) (b)   (a) (b)   
                      

  Share of tertiary education hours 0.788 0.037   -0.771 2.297*   1.238** 0.880***   

    (0.424) (0.951)   (0.707) (0.060)   (0.028) (0.006)   

  Share of tertiary education hours squared 0.969 1.689*   6.863 -7.205*         

    (0.481) (0.052)   (0.322) (0.093)         

  Share of tertiary education hours cubed       -7.060 10.910**         

          (0.386) (0.034)         

  Log tertiary training capital per tertiary hours -0.039 -0.046   -0.047 -0.032   -0.016 -0.005   

    (0.635) (0.345)   (0.572) (0.514)   (0.836) (0.907)   

  Interaction between education and training 0.895*** 0.433**   0.864*** 0.450**   0.779*** 0.253   

    (0.002) (0.015)   (0.004) (0.011)   (0.008) (0.152)   

  Log IT capital per hour -0.017 0.028   -0.013 0.022   -0.043 -0.013   

    (0.714) (0.330)   (0.786) (0.445)   (0.426) (0.699)   

  Interaction between education and IT              0.128 0.195***   

                (0.293) (0.010)   
                      

  Observations 8,095 8,095   8,095 8,095   8,095 8,095   

  Individuals 2239 2239   2239 2239   2239 2239   

  Country/Industry fixed effects 48     48     48     

  Individuals*Country/Industry fixed effects   2879     2879     2879   

  Country/Industry/Wave random effects 333 333   333 333   333 333   
                      

Notes: Dependent variable is the log hourly wage; Additional controls include year effects, indicator for managerial and professional occupations, 
marriage, quadratic in age and quadratic in job tenure, workplace size, permanent contract, vocational training course, log fixed capital per hour, 
log gross value added per hour, employment growth (over last 5 years).  

 


