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Abstract—This paper uses firm-level panel data of on-the-job training to
estimate its impact on productivity and wages. To this end, we apply and
extend the control function approach for estimating production functions,
which allows us to correct for the endogeneity of input factors and training.
We find that the productivity premium of a trained worker is substantially
higher compared to the wage premium. Our results are consistent with
recent theories that explain work-related training by imperfect competition
in the labor market.

I. Introduction

THE accumulation of human capital plays an important
role in explaining economic performance and long-

term growth (Lucas, 1988). Mostly the focus lies on skill
acquisition through the general education system. However,
on-the-job training plays a crucial role as well because it
can not only maintain but also improve human capital of the
workforce. While there exists a vast literature estimating the
returns to training, which has focused mainly on the impact
on wages,1 only a few papers have also analyzed the impact of
training on productivity.2 Moreover, the focus in these papers
is on either the impact on wages or the productivity premium
of training. In contrast, this paper analyzes the impact of
on-the-job training on both wages and productivity, which
matters for understanding the economic mechanisms behind
training.

The theoretical foundations of on-the-job training were
formalized by Becker (1964), who made a distinction
between general and specific training. Under perfect compe-
tition, firms will not pay for general training of their workers,
who can then leave the firm searching for better-paid work
that compensates them for the increased productivity they
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1 Using employee-level data sets, large and significant effects of
work-related training on wages are usually found ranging between 1.1%
and 16.6%. Notable examples include Altonji and Spletzer (1991), Lynch
(1992), Loewenstein and Spletzer (1999), Parent (1999), and Frazis and
Loewenstein (2005) for the United States, and for Europe, Booth (1991),
Pischke (2001), Booth, Francesconi, and Zoega (2003), and Booth and
Bryan (2005) among others. For an overview, see Bassanini et al. (2007).

2 These papers report mixed results but are based on limited samples
(Bartel, 1995; Black & Lynch, 2001; Zwick, 2006). Moreover, they do
not analyze wage and productivity premiums together. An exception is
Dearden, Reed, and Van Reenen (2006), analyzing the link between train-
ing, wages, and productivity at the sector level using a panel of British
industries.

acquired through general training. Hence, the worker is the
sole recipient of general training benefits and also bears the
costs of it. Yet in a series of papers, Acemoglu and Pischke
(1998, 1999a, 1999b) argue that a substantial amount of train-
ing is paid for by firms and is still general in nature. They show
that a necessary condition for firms to pay for general train-
ing is a compressed wage structure caused by imperfections
in the labor market such as monopsony. With a compressed
wage structure, training increases the marginal product of
labor more than the wage, which creates incentives for the
firm to invest in general training.

Our paper contributes to the literature along various dimen-
sions. First, we make use of a large firm-level longitudinal
data set that contains information on measures of training,
such as the proportion of workers who received training, the
number of hours they were trained, and the cost of training.
These data allow us to measure the impact of training on both
wages and productivity at the firm level. By focusing on firm-
level data, we are able to avoid possible aggregation biases
and hence capture the effects of training more precisely.3 Sec-
ond, the analysis at the firm level and the panel structure of
the data allow us to control for the endogeneity of training. To
this end, we estimate production functions by applying recent
control function approaches taking into account training deci-
sions. In addition, the production function estimates provide
us with a measure of unobserved worker ability, which we
include in the wage equation to retrieve a consistent estimate
for the impact of training on wages as in Frazer (2001). Third,
our data allow us to explore how the impact of training on
wages and productivity is affected by worker heterogeneity
related to the type of worker contracts, human capital, and
gender.

We find that an increase in the share of trained workers by
10 percentage points is associated with 1.7% to 3.2% higher
productivity, depending on the specification. However, con-
sistent with the theoretical insights about wage compression
and training, this increase in productivity is not entirely off-
set by a similar increase in wages. The average wage per
worker increases only by 1.0% to 1.7% in response to the
same increase in training.

In the next two sections, we develop our empirical frame-
work and estimation strategy. Section IV introduces the
data. We report our results in section V, including a battery
of robustness checks in terms of both the empirical spec-
ification and estimation method. Section VI distinguishes
between firm-specific and general training, and section VII
concludes.

3 Because we use firm-level data on training, we do not capture spillovers
in human capital across firms as opposed to Dearden et al. (2006).
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II. Empirical Framework

We infer the impact of on-the-job training on both wages
and productivity by applying a framework similar to Heller-
stein, Neumark, and Troske (1999), which has been com-
monly used to compare returns to characteristics of the labor
force such as gender, race, and human capital on both wages
and productivity. The idea is essentially to estimate both a
production function and wage equation to infer productivity
and wage premiums for the different labor force charac-
teristics. In competitive labor markets, the wage premium
associated with each worker characteristic should equal the
corresponding productivity premium. Because it is not pos-
sible to observe the individual contributions of workers to
output, some aggregation of employee and output data is nec-
essary, as reported in firm- or plant-level data. We depart from
the standard framework of Hellerstein et al. (1999) and allow
for continuous worker characteristics (Frazer, 2001; Van
Biesebroeck, 2011). We next outline our empirical approach
to infer the impact on productivity and on wages. A more
detailed description is given in appendix A in the online
supplement.

A. Impact of Training on Productivity

The output of a firm i in period t is a function of capital and
a labor quality aggregate used by the firm in period t. As is
common in the literature, we assume that this function takes
the Cobb-Douglas form,

Yit = L̂βl
it Kβk

it exp(qit) exp(εit), (1)

where Yit represents value added, L̂it is aggregate effec-
tive labor input, Kit is capital, and qit represents technical
efficiency shifting the production function. Suppose for the
moment that workers can be distinguished according to their
education and training level. If these characteristics enter
the effective labor input as in a Mincer (1974) wage equa-
tion, the labor aggregate at the firm level can be written as
ln L̂it = ln Lit + βT T it + βSSit + Zit (see appendix A). Here,
T it represents the average training intensity of the workforce
employed in firm i during period t. Sit represents the average
schooling level of the workforce, and Zit is unobserved labor
quality. The parameters βT and βS are the productivity premi-
ums associated with training and schooling, respectively. The
production function can subsequently be written as follows:4

yit = β0 + βkkit + βllit + βlβT T it + βlβSSit + ωit + εit .
(2)

When training and schooling are discrete variables, the aver-
age schooling and training levels are just equal to the propor-
tions of trained and schooled workers, LT/L and LS/L, in the
labor force, and the estimation equation is exactly the same
as the one derived by Hellerstein et al. (1999). Unobserved

4 Throughout the rest of the paper, lowercase letters represent variables
expressed in logarithms.

productivity ωit includes both technological progress and
unobserved labor quality. Our main parameter of interest
is βT , which measures how the labor aggregate varies with
training intensity (∂ ln L̂/∂T = βT ) and reflects the impact
of training on the marginal product of a worker. If training
intensity is defined as a discrete characteristic, the parameter
reflects the productivity premium of a trained worker com-
pared to an untrained worker. The impact of training on output
depends as well on the importance of labor in the production
technology, ∂y/∂T = βlβT , which represents the percentage
changes in output in response to variations in the training
intensity of the workforce.

B. Impact of Training on Wages

Applying a similar derivation as for the labor aggregate in
the production function, appendix A shows how the logarithm
of the average wage, wit , paid by firm i in period t can be
written as

wit = w0 + αT T it + αSSit + α0Zit , (3)

where again T it and Sit represent the average training and
schooling level respectively. Unobserved labor quality is rep-
resented by Zit . Similar to Hellerstein et al. (1999), we add
industry and year effects to the estimation equation as well
as observed firm characteristics Xit such as the capital-labor
ratio and an additive i.i.d. error term εit . The equation that
will be estimated is

wit = w0 + αT T it + αSSit + Xitβ + α0Zit + εit . (4)

The parameters αT and αS measure how wages change
in response to training and schooling, respectively, and can
be compared with the impact of these human capital mea-
sures on the marginal product of workers, βT and βS. When
worker characteristics are discrete, the Hellerstein et al.
(1999) framework leads to an identical estimation equation
as in equation (4). Applying OLS to equations (2) and (4)
could result in biased estimates of the wage premiums since
the human capital variables are likely to be correlated with
unobserved labor quality. We will show in the next section
how we will obtain consistent estimates for the parameters.

III. Estimation Strategy

To identify the differential impact of training on both wages
and productivity, we need to consistently estimate the coeffi-
cients of both the production function and the wage equation.
First, we describe how we estimate the production function;
next, we show how these estimates help us to identify the
training impact. Recall the production function derived in the
previous section and assume for simplicity that workers are
distinguished by only one discrete observable characteristic,
training:

yit = β0 + βkkit + βllit + βtr
LT ,it

Lit
+ ωit + εit , (5)
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where βtr is defined as βtr ≡ βlβT . As is well known since
the work of Marschak and Andrews (1944), the input choices
of a profit-maximizing firm are likely to be correlated with
unobserved productivity ωit . To control for this, we apply
the estimation procedure proposed by Ackerberg, Caves, and
Frazer (2006) using the insight that optimal input choices hold
information about unobserved productivity. More precisely,
we rely on material demand,

mit = ft

(
ωit , lit ,

LT ,it

Lit
, kit

)
, (6)

where we assume labor input and training to be set before
the choice of material input. If material demand, conditional
on labor, capital, and training, is monotonically increasing in
productivity, the function can be inverted and productivity can
be expressed as a function of observables. Substituting this
inverted material demand function in the production function
results in the first-stage regression equation:

yit = βllit + βtr
LT ,it

Lit
+ βkkit + f −1

t

(
mit , lit ,

LT ,it

Lit
, kit

)
+ εit .

(7)

We run regression equation (7) using a polynomial in mate-
rials, labor, capital, and training to proxy the inverse material
input function f −1(.) and retrieve an estimate for expected
output, φit = βllit + βtr(LT ,it/Lit) + βkkit + f −1

t (.). The input
coefficients, βl, βk , and βtr will be identified in the sec-
ond stage. An important advantage of this procedure, given
our research question and the peculiarities of the Belgian
labor market, is that it is consistent with labor choices hav-
ing dynamic implications due to, for example, hiring, firing,
or training costs. Although labor and capital will depend
on lagged labor in this case, optimal material demand mit

will only be a function of lit , LT ,it/Lit , and kit as it is only
relevant for production in period t. However, there cannot
exist unobservables that directly affect material demand since
they would make the inversion of the material demand func-
tion invalid. Moreover, the identification strategy rests on the
assumption that materials are chosen at the same time produc-
tion takes place. Given the large heterogeneity across sectors
in the materials used, we will perform a robustness check on a
subsample of sectors that are more likely to purchase readily
available inputs.

The second stage of the estimation procedure serves to
identify all the input coefficients. As is standard in the liter-
ature, we assume ωit to follow a first-order Markov process,
and we can write ωit = gt(ωit−1) + ξit where ξit represents a
productivity shock unexpected in period t − 1. After the first
stage, we can compute productivity ωit for every candidate
vector of input coefficients β = (βl, βk , βtr) and nonparamet-
rically regressing ωit (β) on ωit−1 (β) allows us to recover
the productivity shock ξit (β). We can now use our timing
assumptions to form the moment conditions used to identify
the input coefficients. First, we keep the standard assumption
about capital accumulation, namely, that investment decided

in period t enters the capital stock only in period t + 1. Con-
sequently, the capital stock in period t will be uncorrelated
with the unexpected productivity shock in period t. More-
over, we assume that labor input and the amount of training
do not depend on the innovation in productivity. For the labor
coefficient, this is a stricter assumption than usually applied,
but it can be justified by the substantial labor adjustment
costs in Belgium.5 We report as well results where we relax
this assumption and use the lagged values of labor instead of
current labor to construct the moment conditions. Concern-
ing the training variable, several human resource managers
confirmed that the amount of training provided to workers
is mostly decided one year in advance when making up the
budget for the following year, which makes the amount of
training independent of the innovation in productivity, ξit (β).
Consequently, the moment conditions to identify the input
coefficients in the second stage are

E

⎡
⎢⎣ξit

⎛
⎜⎝ kit

lit
LT ,it/Lit

⎞
⎟⎠

⎤
⎥⎦ = 0, (8)

and we bring the sample analog of these moment conditions
as close as possible to 0 by adjusting the input coefficients.

Estimating the wage equation (4) by OLS could result as
well in biased estimates of the wage premiums since training
is likely to be correlated with unobserved labor quality Zit . To
control for unobserved labor quality, we can use our estimate
for ωit from the production function. If the main component
of ωit after controlling for industry and year specific effects is
labor quality (so ωit = ωj + ωt + Zit), then adding estimated
total factor productivity to the wage equation will result in
the following equation to be estimated:

wit = w0 + αT T it + Xitβ + α∗
0Zit + ωj + ωt + εit , (9)

and the estimation of the equation renders consistent esti-
mates of the wage premiums. If the estimate for total factor
productivity from the production function includes as well
factors other than labor quality, ωit imperfectly controls for
labor quality in the wage equation. Consequently, our mea-
sures for the wage premiums could still be upward biased.
However, note that this bias works against our main con-
clusion that the productivity premium exceeds the wage
premium.6

We test each time for the equality of the productivity and
wage premiums. Only under the joint assumptions of gen-
eral training and perfect competition in the labor market
will the training coefficient in the wage equation be equal
to the productivity premium obtained from the production

5 For example, the OECD Employment Protection Legislation Index
shows the importance of substantial adjustment costs for a large num-
ber of countries among which Belgium has one of the highest scores,
especially for the notice and severance pay for individual dismissals, legisla-
tion concerning collective dismissals, and temporary employment (OECD,
2007).

6 More details on the estimation strategy are provided in appendix A.
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Table 1.—Summary Statistics

Total Manufacturing Nonmanufacturing

Full sample
Value added (×1,000 euros) 1,319 3,216 973
Capital stock (×1,000 euros) 1,043 1,985 872
Employment 21.6 40.9 18.1
Labor costs per worker (×1,000 euros) 35.4 35.0 35.5
Observations 804,293 109,196 695,097
Number of firms 135,865 14,160 121,705
Proportion of trained workers .032 .061 .026
Proportion trained workers in training firm .503 .455 .526
Cost of training per worker trained (euros) 1,414 1,508 1,368
Hours training per worker trained 39.1 43.1 37.2

Restricted sample
Value added (×1,000 euros) 8,288 12,727 6,343
Capital stock (×1,000 euros) 6,482 7,679 5,957
Employment 105.0 150.9 84.9
Labor costs per worker (×1,000 euros) 47.4 43.6 48.9
Observations 91,045 27,738 63,307
Number of firms 15,495 4,131 11,364
Proportion of trained workers .167 .222 .142
Proportion trained workers in training firm .486 .466 .500
Cost of training per worker trained (euros) 1,516 1,561 1,482
Hours training per worker trained 36.7 40.9 33.7

All figures refer to the unweighted average of each variable. The restricted sample refers to firms reporting material costs.

function. If equality is rejected and training is, as we argue,
general in nature, the underlying assumption of competitive
spot labor markets can be discarded. Consequently, the coef-
ficient on the training variable in the wage equation cannot
be interpreted any more as the wage premium of an individ-
ual trained worker, reflecting its productivity premium. For
example, with monopsonistic labor markets, the coefficient
on training is likely to be a mix of the training premium at
the individual level and parameters from the labor supply
process. The coefficient, however, can still be interpreted in a
reduced-form way as the increase in the wage bill in response
to an increase in training.

All regressions include year and industry dummies. Indus-
try dummies are at the NACE two-digit level for estimations
on the whole sample and at the NACE four-digit level for
regressions at the sector level. Standard errors for all coef-
ficients in both the production function and wage equation
are obtained by using a block bootstrap procedure with 500
replications.

IV. Data Description

Data are obtained from the Belfirst database. This database,
commercialized by Bureau Van Dijck, includes the income
statements of all Belgian incorporated firms. We obtained
an unbalanced panel for the period 1997 to 2006 of both
manufacturing and nonmanufacturing firms with at least one
worker. We select a number of key variables needed for esti-
mation of the production function and wage equation, such
as value added, number of employees (in full-time equiva-
lents), labor costs, material costs, and the capital stock. In
addition, Belgian firms are required to report information
about the formal training they provide to their employees.7 In

7 Formal training excludes training that takes place on the work floor or
by self-study. The training has to take place on a separate training room

particular, they have to report the number of employees who
followed some kind of formal training as well as the hours
spent on this training and the training costs. This allows us to
obtain a firm-level measure of training for more than 135,000
Belgian firms active in manufacturing and nonmanufacturing
sectors. However, only a fraction of these firms have to report
material costs, which we will need in our empirical strategy.8
A more elaborate discussion of the data set is included in
appendix B.

Table 1 provides some summary statistics of the full data
set as well as of the restricted sample of firms reporting mate-
rial costs. A Belgian firm active in the private sector employs
on average 21.6 employees, generates around 1.3 million
euros value added per year, and has an average labor cost
of around 35, 400 euros. Manufacturing firms are on average
larger compared to nonmanufacturing firms.9 The average
proportion of trained workers is equal to 3.2%, mainly due to
the low number of firms providing training to their employ-
ees. In firms that train their workers in a given period, around
50% of the employees benefit from this training, which lasts
approximately one workweek (39.1 hours) and costs the firm
1, 414 euros. The training duration and costs are somewhat
larger in the manufacturing sector compared to the nonman-
ufacturing sector. We report as well the summary statistics
for the subsample of firms reporting material costs, as we
need to observe material costs to control for the endogeneity
of inputs. The subsample consists of typically larger firms,

or work floor especially developed for training activities. Training can take
place inside or outside the firm.

8 Only large firms in Belgium have to submit a full version of the annual
report. Smaller firms have to submit a shorter version that does not include
material costs. Firms are defined as large if they have on average more than
fifty employees, realize a turnover of more than 7.3 million euros, or report
a total value of assets of more than 3.65 million euros.

9 Manufacturing firms are firms active in NACE Rev. 1.1 sectors 15 to 36.
The other sectors are pooled together as nonmanufacturing sectors.
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Table 2.—Impact of Training on Productivity and Wages

Total Manufacturing Nonmanufacturing ACF, Lag Labor

OLS1 OLS2 ACF OLS1 OLS2 ACF OLS1 OLS2 ACF Total Manufacturing Nonmanufacturing

Production function
Labor .785∗ .747∗ .764∗ .802∗ .767∗ .791∗ .780∗ .735∗ .751∗ .810∗ .731∗ .839∗

(.001) (.004) (.008) (.003) (.007) (.015) (.001) (.005) (.017)∗ (.026) (.023) (.018)

Capital .165∗ .123∗ .088∗ .178∗ .151∗ .129∗ .163∗ .115∗ .081∗ .070∗ .109∗ .059∗
(.001) (.002) (.004) (.002) (.005) (.008) (.001) (.003) (.004) (.004) (.007) (.004)

Training .460∗ .315∗ .243∗ .403∗ .300∗ .215∗ 0.461∗ 0.301∗ 0.257∗ .223∗ .192∗ .234∗
(.008) (.010) (.010) .(.015) (.016) (.017) (0.008) (0.012) (.013) (.015) (.016) (.014)

βT .586∗ .422∗ .318∗ .502∗ .391∗ .272∗ .591∗ .410∗ .342∗ .276∗ .262∗ .278∗
(.010) (.014) (.014) (.019) .(021) (.022) (.013) (.017) (.018) (.015) (.025) (.019)

Wage equation
Training (αT ) .438∗ .200∗ .167∗ .432∗ .219∗ .187∗ .440∗ .190∗ .165∗ .173∗ .184∗ .178∗

(.006) (.006) (.007) (.009) (.009) (.011) (.013) (.007) (.009) (.009) (.012) (.013)

ln(K/L) −.015∗ .017∗ −.022∗ −.020∗ .012∗ −.030∗
(.002) (.004) (.002) (.002) (.003) (.003)

TFP .337∗ .306∗ .343∗ .342∗ .286∗ .359∗
(.006) (.008) (.007) (.007) (.010) (.008)

Wald test βT = αT

χ2
1 361.6 333.6 127.1 19.1 89.4 14.1 245.0 231.6 113.0 35.7 18.7 17.4

p-value .000 .000 .000 .000 .000 .000 .000 .000 .000 .000 .000 .000
Observations 804,293 73,930 73,930 123,834 23,345 23,345 677,764 50,585 50,585 63,134 20,041 43,093
Firms 135,865 13,757 13,757 18,422 3,878 3,878 117,021 9,879 9,879 12,520 3,587 8,933

Estimates for production function and wage equation, all sectors pooled together. OLS1 refers to OLS estimation of both the production function on the full sample. OLS2 refers to the same estimation equation,
but for the subsample of firms reporting material costs. In ACF, we control for the endogeneity of inputs and training. The last three columns report results using lags of labor instead of current labor as instrument.
Standard errors are computed using a block bootstrap procedure with 500 replications and are robust against heteroskedasticity and intragroup correlation. βT is completed as the ratio of the training coefficient over
the labor coefficient. *Significant at 5%.

which are more likely to provide training to their employees.
The costs and duration of training, however, are approxi-
mately the same as in the full sample. The data appendix
shows more summary statistics on sector-level heterogeneity
in training.

V. Results

This section presents the results of the empirical analy-
sis. First, we estimate productivity and wage premiums for
all sectors pooled together. We show, moreover, that these
findings are robust to distinguishing between blue- and white-
collar workers and hold at the sector level as well. Next,
we measure training as a continuous variable. Finally, we
perform a number of further robustness checks.

A. General Results

Baseline results. Table 2 shows the results of estimat-
ing equations (5) and (9) for all firms active in all sectors
pooled together and for manufacturing and nonmanufactur-
ing separately. The first column for each subsample (total,
manufacturing, and nonmanufacturing) reports the estima-
tion results for the full sample by applying ordinary least
squares (OLS1). Our estimation strategy to control for the
endogeneity of inputs requires a measure for materials input,
which is observed only for a subsample of firms. To ade-
quately assess the performance of our estimation strategy,
we report in the second column results for least squares
estimation (OLS2) on this subset of firms. The third col-
umn presents the coefficient estimates obtained by following
the estimation strategy outlined in section III. The estimates

reported in column 1 show that training has a statistically sig-
nificant and positive effect on productivity. The coefficients
imply that a 10 percentage point increase in the proportion of
trained workers is associated with 4.6% rise in value added.
Turning to the subset of firms that report material costs, the
coefficient on training in the production function drops some-
what to 0.315 but remains highly significant.10 Controlling for
the endogeneity of inputs (and training) causes the training
coefficient to drop further to 0.243, as shown in column 3.
The estimates imply that value added increases by 2.4% in
response to an increase of 10 percentage points of the share of
trained workers, such that even after controlling for the pos-
sible endogeneity of training, there remains a substantially
large impact of training on productivity. Note that the results
imply that on average, the marginal product of a trained
worker is around 32% (βT = .243/.764) higher than the mar-
ginal product of an untrained worker. One has to bear in mind
that this is an estimate for the average effect of training on
the marginal product of all workers pooled over all sectors.11

The results for manufacturing industries and nonmanufac-
turing separately are comparable, although we find a slightly
stronger impact of training in nonmanufacturing sectors.

For the wage equation, we estimate as well three specifica-
tions. First, the log wage is regressed on the share of trained
workers together with year and sector dummies (OLS1). Sec-
ond, this exercise is repeated, but the sample is now restricted
to firms included in the productivity estimation sample where

10 The decrease in the estimated training premium is due to large firms
being more productive compared to small firms and being more likely to
train their workers as well (see appendix B).

11 Moreover, when there exist spillover effects to untrained workers within
a firm, our measure includes these effects, and the direct impact of training
will be lower.



490 THE REVIEW OF ECONOMICS AND STATISTICS

we control for the endogeneity of inputs. As a result, the
coefficient on training drops from 0.438 to 0.200. Note that
although the OLS point estimates for the productivity and
wage premiums are likely to be biased upward due to unob-
served labor quality, the bias would affect the estimated
training coefficients to a similar extent in both the production
function and wage equation. Consequently, the test for equal-
ity of the premiums, discussed below, remains informative. In
the third specification, we add controls in the wage equation.
In particular, we add the capital-labor ratio and total factor
productivity as control variables, as discussed in section III.
The coefficient on training further drops to 0.167, implying
the wage premium for a trained worker in the Belgian private
sector to be equal to 17%.

Table 2 shows that the productivity premium of training is
larger than the wage premium and the difference is statisti-
cally significant, as indicated by the Wald test of the equality
of αT and βT .12 The productivity premium for a trained worker
is almost twice as high as his wage premium for all sectors
pooled together in column 3. With a chi-square statistic of
127.2, the null of equal coefficients can be rejected at any
conventional significance level. The same is true for the man-
ufacturing sector and nonmanufacturing sector separately,
with chi-square values of 14.1 and 113.0, respectively. The
finding that the impact of training on productivity is higher
than the impact on wages gives support to the Acemoglu and
Pischke (1998, 1999a, 1999b) model that explains why firms
invest in the general training of their employees. A necessary
condition is that the productivity of employees increases more
than their wages in response to training.13 In the last three
columns of table 2, we relax the assumption that contempo-
raneous labor is uncorrelated with the unexpected shock in
productivity and use lags of the labor variable as instruments
for each subsample. As can be seen from the table, the results
remain qualitatively the same.

Blue- and white-collar workers. There could be con-
cerns that our methodology does not fully control for worker
heterogeneity, and our training coefficient is driven by dif-
ferences in the marginal product between different types
of workers. As such, the differential impact of training
on wages and productivity could reflect wage-productivity
gaps of these characteristics. One important dimension of
worker heterogeneity is the distinction between blue-collar
and white-collar workers. These different contract types
can pick up differences in education levels across employ-
ees. Moreover, employment protection in Belgium differs
between blue- and white-collar workers.14 We bring in this

12 To retrieve an estimate for βT , we divide the coefficient on the share of
trained workers by the labor coefficient. Consequently, the null is (βtr/βl)−
αT = 0. This nonlinear hypothesis is tested by using a Wald test.

13 Note that Becker (1964) also allows for the possibility that firms pay
(part of) the training costs. For this to be the case, the training needs to be
firm specific in nature. We return to this issue in section VI.

14 For the whole sample, around 52% of the workforce is blue collar,
44% white collar, and 1.4% management. In the manufacturing sector, the
shares are respectively, 66%, 31% and 1.6% and in the services sectors,

extra information in our empirical framework by including
two different labor aggregates in the Cobb-Douglas pro-
duction function—one for blue-collar workers and one for
white-collar workers,

Yit = AitK
βk
it L̂B

βb
it L̂W

βW
it , (10)

with L̂B and L̂W the labor aggregate for blue- and white-collar
workers, respectively. Assuming the share of trained workers
is constant across the different types of contact, the equation
that we seek to estimate becomes

yit = βkkit + βb(lB)it + βw(lW )it + (βbβTB + βwβTW )
LT ,it

Lit

+ ωit + ηit , (11)

where βTB and βTW represent the productivity premium of a
trained blue-collar worker and the productivity premium of
a trained white-collar worker, respectively. These premiums
are measured relative to an untrained worker with the same
type of contract. The drawback of this specification is that we
have to exclude all observations without blue- or white-collar
workers. We do not include managers as a separate category
because only a small fraction of firms reports information on
the number of managers; for those that do, we simply add
them to the number of white-collar workers. For the same
reason, we choose not to relax the assumption of perfect sub-
stitutability between trained and untrained employees. While
it is theoretically possible to allow for imperfect substitu-
tion between trained and untrained employees, we would be
forced to drop most of the observations since a large fraction
of the firms does not provide training.

We estimate equation (11) by applying our estimation strat-
egy outlined in section III, but we use a different timing
assumption. In Belgium, white-collar workers are well pro-
tected against dismissal, while blue-collar workers face less
strict employment protection legislation. Consequently, we
treat blue-collar workers as an input that is adjusted in reac-
tion to unexpected productivity shocks. To control for this, we
use blue-collar workers lagged one period as an instrument
instead of the contemporaneous stock of blue-collar work-
ers. Results are reported in table 3. If we assume that the
impact of training on productivity is the same for blue- and
white-collar workers, the estimated coefficient implies a pro-
ductivity premium of 22.8% and a wage premium of 13.0%.
These estimates are slightly lower compared to the baseline
results in table 2, but they still show substantial returns to
training in terms of both productivity and in terms of wages.
The difference between the two premiums remains highly sig-
nificant, with a chi-square statistic of 16.0, such that we can
reject the equality of the productivity and wage premiums
at each conventional significance level. In section VD, we
perform some additional robustness checks related to worker
heterogeneity.

respectively, 45%, 51%, and 1.3%. The percentages do not sum up to 100%
because some of the workers have an undefined contract and cannot be
classified.
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Table 3.—Blue- versus White-Collar Workers, Imperfect

Substitution

OLS ACF

Productivity Wage Productivity Wage

Capital .163∗ .113∗
(.005) (.005)

Blue collar .295∗ .275∗
(.006) (.049)

White collar .448∗ .452∗
(.011) (.011)

Training βT or αT .297∗ .163∗ .228∗ .130∗
(.016) (.004) (.022) (.008)

Number of observations 46,052 46,052
Number of firms 8,753 8,753
Test for βT = αT

Chi-square 78.7 16.0
p-value .000 .000

Results of ACF method with blue-collar workers lagged one period as instrument. Standard errors are
computed using a block bootstrap procedure with 500 replications and are robust against heteroskedasticity
and intragroup correlation. Significant at *5%.

The estimated wage premium falls within the range, albeit
at the higher end, of wage premiums found in other studies.
These studies mostly use employee-level data, and premiums
go from 4% to 16%. Concerning the impact on productivity,
Dearden et al. (2006), using industry-level data, find that an
increase of 1% in their training measure is associated with
an increase in value added per hour of about 0.6%, implying
productivity premiums of over 60%, and an increase in the
average wage of about 0.3%, substantially larger than our
estimates. However, note that the median training duration
in their sample is around two weeks, twice as long as in the
current sample, such that the productivity and wage premiums
of an hour of training are more comparable. The remaining
difference could be due to the different level of aggregation.

Sector heterogeneity. So far, we assumed the same pro-
duction technologies as well as training effects across the
different sectors. In contrast to previous studies, we can relax
this assumption and allow for sector heterogeneity in our
coefficient estimates. In tables 4 and 5, we report results for
each NACE two-digit sector separately. For brevity, we report
only the effect of training on wages and worker’s marginal
product, together with the chi-square statistic and p-value
of the Wald test for testing the equality of the productivity
and wage premiums. The coefficients on the other regressors
are reported in appendix C. For the majority of sectors, both
the labor and training coefficients go down in the production
function and wage equation when controlling for their possi-
ble endogeneity. The unweighted average for the coefficient,
controlling for the endogeneity of training, equals 0.177 in the
production function15 and 0.121 in the wage equation. For 29
of 33 sectors, the impact of training on the marginal product of
workers is higher than the impact on wages.16 Focusing on the

15 This implies the productivity premium for a trained worker βT is equal
to .243.

16 For the manufacturing and nonmanufacturing sectors, respectively, 14
of 17 and 15 of 16 sectors report a higher productivity than wage premium.
Due to the relatively low number of observations in combination with the

manufacturing industries, the largest productivity gains from
training can be found in the chemicals sector and rubber and
plastic sector.17 For the nonmanufacturing sector, the largest
productivity gains can be found in the agriculture, financial
intermediation, and real estate sectors. Figure 1 combines the
estimates for the wage and productivity premiums. The 45-
degree line is plotted such that all observations above this line
represent sectors for which the impact of training on produc-
tivity is larger than the impact of training on wages. Most
of the sectors are located above this line, which is consistent
with Acemoglu and Pischke (1998, 1999a, 1999b).18 The cor-
relation between the productivity and wage premium equals
0.60 and is highly significant.

Acemoglu and Pischke (1998, 1999a, 1999b) show that
firms will pay for general training when the internal wage
structure is compressed, meaning that the wage function
increases less steeply in general skills than the marginal
product. Wage compression can be caused by a variety of
labor market frictions, such as search costs and informational
asymmetries leading to monopsony power. Ideally, we would
like to relate our sector-level estimates for the wedge between
the productivity and wage premium of trained workers to a
measure for monopsony power at the sector level. A positive
correlation would support the view that our finding of a pos-
itive wedge between the wage and productivity premium can
be best explained by a combination of general training and a
compressed wage structure. Unfortunately, direct measures
for such labor market frictions do not exist at the sector level,
and the estimation of monopsony power is a rather involved
task, lying outside the scope of this paper.19 As an alternative,
albeit far from ideal, we relate the wedge with interindus-
try wage differentials. These are estimated controlling for
variables mainly affecting general human capital such as edu-
cation and age but not for training. The idea is that sectors
where workers are earning less than implied by their gen-
eral human capital, so sectors with low interindustry wage

nonlinear search over the parameters, the difference is, however, not sig-
nificant for several sectors. Applying the ACF procedure, the difference is
significant at the 10% level for only 10 sectors (out of 29 for which the pro-
ductivity premium exceeds the wage premium). When the wage premium
exceeds the productivity premium, the difference is never significant. For
the OLS results, the difference is significant at the 10% level for 18 out
of 27 sectors for which the productivity premium is larger than the wage
premium. When the wage premium exceeds the productivity premium, the
difference is never significant.

17 There are also large gains in the sector of wood products, but the training
and labor coefficient are estimated imprecisely.

18 The sectors that drop below the line, namely mining (14), paper prod-
ucts (21), and radio, TV and telecommunications (32). Equipment are all
small sectors, and we believe the low productivity premium in compari-
son with the wage premium is more likely due to inefficient estimates. The
difference between the wage premium and productivity premium for these
sectors is never statistically significant at any conventional confidence level.
The fourth sector that drops below the line, metal products (28), is large
however, but the productivity premium is close to the wage premium and
the difference between the two is statistically insignificant.

19 For example, Manning (2003, 2011) suggests inferring the elasticity
of the labor supply curve to an individual firm by estimating the wage
elasticities of separations to employment and nonemployment, requiring
worker-level data as well as exogonous variation in the wage rate.
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Table 4.—Results of Manufacturing Sectors

OLS ACF Number of Observations

βT αT βT = αT βT αT βT = αT Observations Firms

15 Food Products .209∗∗ .155∗∗ 2.38 .178∗∗ .120∗ 1.41 3,571 600
(.042) (.020) .123 (.047) (.025) .234

17 Textile Products .423∗∗ .171∗∗ 19.9 .313∗∗ .121∗∗ 5.84 1,729 298
(.060) (.031) .000∗∗ (.069) (.039) .016∗∗

18 Wearing Apparel .152 .123 .01 .071 .031 .02 364 66
(.283) (.216) .905 (.175) (.191) .881

20 Wood Products .986∗∗ .185∗∗ 14.1 .378∗ .110∗ 1.52 588 110
(.222) (.044) .000∗∗ (.226) .055 .218

21 Paper Products .174∗∗ .179∗∗ 0.00 .055 .138∗∗ 1.04 685 98
(.089) (.035) .947 (.085) (.040) .308

22 Publishing .191∗∗ .074∗∗ 2.93 .190∗∗ .078∗∗ 3.42 1,764 319
(.075) (.027) .087∗ (.059) (.029) .064∗

24 Chemical Products .482∗∗ .312∗∗ 5.95 .374∗∗ .242∗∗ 3.00 2,134 331
(.079) (.033) .015∗∗ (.075) (.042) .083∗

25 Rubber and Plastic .433∗∗ .239∗∗ 10.66 .319∗∗ .211∗∗ .62 1,477 227
(.064) (.029) .001∗∗ (.113) (.039) .423

26 Mineral Products .274∗∗ .155∗∗ 4.57 .224∗∗ .144∗∗ 1.85 1,917 311
(.061) (.024) .033∗∗ (.062) (.027) .174

27 Basic Metals .131 .146∗∗ .05 .113 .109∗∗ .00 995 146
(.085) (.049) .819 (.088) (.049) .967

28 Metal Products .231∗∗ .195∗∗ .57 .138∗∗ .157∗∗ .14 2,779 478
(.050) (.031) .451 (.056) (.032) .710

29 Machinery .349∗∗ .237∗∗ 4.07 .248∗∗ .198 0.34 1,681 283
(.063) (.028) .044∗∗ (.078) (.038) .561

31 Electrical Machinery .294∗∗ .218∗∗ .42 .296∗∗ .171∗∗ .68 665 104
(.123) (.046) .517 (.151) (.055) .411

32 Radio, TV, and Telecommunications .225∗ .287∗∗ .35 .169 .248∗∗ .29 302 54
(.123) (.061) .556 (.170) (.079) .591

33 Medical and Precision Equipment .315∗∗ .104∗∗ 3.01 .230 .073 1.12 346 64
(.130) (.045) .083∗ (.169) (.056) .289

34 Motor Vehicles .060 .123∗ .089 .113 .107∗∗ .01 752 121
(.083) (.043) .344 (.076) (.046) .930

36 Furniture .130 .177∗∗ .25 .252∗∗ .142∗∗ .75 1,101 181
(.094) (.049) .618 (.122) (.056) .385

Productivity and wage premium for nonmanufacturing sectors. OLS refers to OLS estimation of the production function and wage equation without control for TFP on the subsample of firms that report material
inputs. ACF refers to the results of the production function and wage equation controlling for the endogeneity of inputs. Standard errors are computed using a block bootstrap procedure with 500 replications and are
robust against heteroskedasticity and intragroup correlation. Significant at **5%, *10%.

premiums, are more monopsonistic, and hence workers are
less able to capture the quasi-rents of their general human cap-
ital, an argument also used by Dearden et al. (2006). Hence,
we would expect a negative correlation between our estimated
wedges and the interindustry wage premiums if training is
general in nature. When training would be specific in nature,
one would not expect the wedge to be related to the interindus-
try wage premiums. Using the estimates of Du Caju et al.
(2010) for interindustry wage premiums in Belgium, we find
that the average (median) gap between the productivity and
wage premiums is equal to 0.063 (0.050) in sectors for which
the interindustry wage premium is positive, while the average
(median) gap is equal to 0.131 (0.116) in sectors with a neg-
ative interindustry wage premium. This tentative evidence is
open to the critique that, for example, firm-specific training
may be more prevalent in the sectors with low interindustry
wage premiums. We come back to the difference between
firm-specific and general training in section VI.

B. Training Hours

In table 6 we redefine the training variable as average train-
ing hours per employee and estimate equations (2) and (4) to

determine the impact of training intensity on productivity and
wages, respectively. Again results are reported for the whole
sample and manufacturing and nonmanufacturing separately.
We control for the possible endogeneity of training in both the
production and wage equation, applying our estimation strat-
egy described above. We estimate the productivity premium
of an hour of training to be equal to 0.0076, which means that
each hour of training raises the marginal product of a worker
by 0.76%. The wage premium of an hour of training is esti-
mated to be 0.44%, and the difference between the wage
and productivity premium is again highly significant. The
results imply that the marginal product of a trained worker
receiving the average amount of training hours (36.7 hours)
is 27.9% higher than the marginal product of an untrained
worker, while its wage is only 16.1% higher, in line with the
results of the previous section. Also for the manufacturing
and nonmanufacturing sectors separately, the productivity
premium is higher than the wage premium. A summary of
the results for sector-specific estimates is reported in the last
columns of table 6.20 Again productivity premiums surpass

20 In appendix E, we graphically represent productivity and wage premi-
ums for the different sectors.
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Table 5.—Results of Nonmanufacturing Sectors

OLS ACF Number of Observations

βT αT βT = αT βT αT βT = αT Observations Firms

1 Agriculture .280 .125 .600 .524∗∗ .145∗ 2.65 459 96
(.247) (.090) .438 (.244) (.076) .010∗∗

14 Mining .387∗∗ .091 3.25 .016 .054 .06 345 60
(.182) (.066) .071∗ (.172) (.074) .807

37 Recycling .324∗ .267∗∗ .10 .328 .254∗∗ .09 364 79
(.198) (.094) .756 (.261) (.094) .762

45 Construction .238∗∗ .150∗∗ 9.75 .159∗∗ .134∗∗ .60 5,521 939
(.029) (.019) .002∗∗ (.031) (.020) .440

50 Sales Motor Vehicles .368∗∗ .185∗∗ 18.1 .223∗∗ .138∗∗ 3.39 3,970 745
(.053) (.024) .000∗∗ (.044) (.028) .066∗

51 Wholesale Trade .473∗∗ .191∗∗ 126.1 .418∗∗ .181∗∗ 82.6 21,380 4,017
(.029) (.013) .000∗∗ (.030) (.014) .000∗∗

52 Retail Trade .160∗∗ .077∗∗ 5.81 .184∗∗ .060∗∗ 3.74 4,104 869
(.042) (.022) .016∗ (.062) (.025) .053∗

55 Hotels and Restaurants .130∗∗ .122∗∗ .03 .120∗∗ .098∗∗ .12 877 164
(.052) (.029) .863 (.059) (.034) .728

60 Land Transport .154∗ .094∗∗ .97 .110∗∗ .061∗∗ .69 2,617 455
(.083) (.029) .325 (.063) (.028) .401

63 Transport Activities .481∗∗ .121∗∗ 19.7 .326∗∗ .100∗∗ 10.2 1,892 411
(.090) (.032) .000∗∗ (.081) (.034) .000

64 Post and Telecommunications .376 −.014 2.78 .379 −.082 3.33 337 86
(.257) (.105) .096∗ (.24) (.110) .068∗

65 Financial Intermediaries .720∗∗ .025 3.86 .591∗ −.021 3.22 315 79
(.335) (.105) .050∗ (.310) (.118) .073∗

70 Real Estate .639∗∗ .303∗∗ 4.51 .482∗∗ .265∗∗ 1.10 1,360 275
(.179) (.063) .034∗∗ (.239) (.072) .294

71 Renting of Machinery .205 .129∗∗ .12 .259 .084 1.17 487 96
(.238) (.056) .731 (.165) (.050) .280

72 Computer Services −.035 −.024 .09 .002 −.005 .03 1,587 393
(.046) (.031) .770 (.052) (.036) .866

74 Business Services .252∗∗ .143∗∗ 9.80 .259∗∗ .137∗∗ 6.37 4,313 975
(.039) (.022) .002∗∗ (.053) (.025) .011∗∗

Productivity and wage premium for nonmanufacturing sectors. OLS refers to OLS estimation of the production function and wage equation without control for TFP on the subsample of firms that report material
inputs. ACF refers to the results of the production function and wage equation controlling for the endogeneity of inputs. Standard errors are computed using a block bootstrap procedure with 500 replications and are
robust against heteroskedasticity and intragroup correlation. Significant at **5%, *10%.

Figure 1.—Impact Training on Productivity and Wages
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wage premiums for the majority of sectors. The correlation
between the impact on productivity and on wages equals 0.49
and is highly significant.

C. Robustness Checks: Measurement and Estimation

The finding of substantial productivity and wage premi-
ums for trained workers where the former are larger than the
latter passes a number of robustness checks. For brevity we

report only the wage and productivity premiums, as well as
the test of their equality. Table 7 reports a number of robust-
ness checks with respect to the measurement of training and
the estimation method used. First, we constructed a measure
for the training stock using the perpetual inventory method,
Sit = (1−δit)Sit−1 +Fit , where Sit is the training stock of firm
i in period t and Fit represents the training flow. Every period
the training stock depreciates at a rate of δit , which consists
of two components: the share of trained workers that leaves
the firm every period and the rate at which acquired knowl-
edge through training becomes obsolete. We approximate the
first component by the observed firm-level separation rate.
Unfortunately we do not have information about the second
component, but we check the robustness of our results for
different values of it (more details are provided in appen-
dix D). The results are reported in the first rows of table 7.
The contemporaneous impact of training on productivity and
wages is estimated to be lower compared to the specifications
using training flows.21 The difference between the wage and
productivity premiums remains largely significant.

21 This is in line with expectations. Although an increase in the stock
of human capital due to training increases the contemporaneous marginal
product by less, training has lingering effects and the marginal product of
a trained worker remains high in the following periods.
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Table 6.—Training as Average Training Hours per Worker

Total Manufacturing Nonmanufacturing Each Sector Separately

Production function
Labor .770∗∗ .794∗∗ .756∗∗ βT

(.008) (.016) (.009) Minimum −.0015
Capital .089∗∗ .131∗∗ .082∗∗ Maximum .0168

(.004) (.001) (.004) Average .0059
Training hours .0058∗∗ .0047∗∗ .0065∗∗

(.0003) (.0004) (.0004)

βT .0076∗ .0058∗∗ .0087∗∗
(.0004) (.0005) (.0005)

Wage equation
Training hours(αT ) .0044∗∗ .0044∗∗ .0046∗∗ αT

(.0002) (.0003) (.0003) Minimum −.0008
ln(K/L) −.015∗∗ .018∗∗ −.022∗∗ Maximum .0099

(.002) (.004) (.002) Average .0032
TFP .340∗∗ .311∗∗ .346∗∗

(.006) (.009) (.007)

Wald test βT = αT

χ2
1 86.0 7.1 69.2

p-value .000 .008 .000

ACF procedure to estimate wage equation and production function. Standard errors are computed using a block bootstrap procedure with 500 replications and are robust against heteroskedasticity and intragroup
correlation. βT is computed as the ratio of the training coefficient over the labor coefficient. Significant at **5%.

Table 7.—Results of Further Robustness Checks

Productivity Wage Test for Equality βT = αT

βT αT χ2
1 p-value

Training stock .181∗∗ .090∗∗ 136.0 .000
(.009) (.003)

Fully flexible .263∗∗ .180∗∗ 7.58 .006
materials (.029) (.016)

Wage as control .250∗∗ .168∗∗ 42.7 .000
(.014) (.006)

SUR model .391∗∗ .208∗∗ 593.8 .000
(.008) (.005)

Lagged training .224∗∗ .147∗∗ 30.3 .000
(.015) (.007)

Different robustness checks. First, training intensity is measured by the training stock. Second, results
for the subsample of sectors using reference priced or homogeneous goods are reported. Third, we use
wage as a control variable for labor quality in the production function. Fourth, we apply Zellner’s SUR
estimator, and fifth, we use training lagged one period as the instrument. Significant at **5%.

Second, the Ackerberg et al. (2006) methodology relies
on the assumption that material input is fully flexible and
that material input choices are made contemporaneously with
output choices. For some sectors, this assumption seems
appropriate, while in other sectors, material orders may
require substantial advance time. To identify sectors that are
more likely to purchase readily available materials, we com-
bine the classification by Rauch (1999) with supply and use
tables to distinguish between sectors using mainly homo-
geneous and reference-priced products and sectors using
mainly differentiated products as inputs.22 The idea is that
homogeneous and reference-priced input quantities are more
easily adjustable compared to input demand for differen-
tiated products as the latter have characteristics that vary
across suppliers and may even be tailored to the buyer’s
needs (Besedes & Prusa, 2006). Finding new suppliers of dif-
ferentiated products is more likely to involve higher search
costs and to require buyer-supplier specific investments.

22 More details on the the precise classification procedure are given in
appendix B.2.

Consequently, contract and transaction duration is likely to
be longer for differentiated products compared to homoge-
neous and reference-priced products. For example, in the
international trade literature, Besedes and Prusa (2006) find
that differentiated products are traded longer than reference-
priced and homogeneous products. We estimate our main
equation for the subset of industries using primarily homo-
geneous and reference-priced inputs, and results are reported
in table 7, second row. Again, training results in both positive
productivity and wage premiums, and the former are larger
than the latter.

Finally, we executed a number of additional estimation
approaches. We estimate equations (5) and (4) with Zellner’s
seemingly unrelated regression (SUR) estimator.23 Moreover,
we use the average wage at a firm as a control for unobserved
worker ability, and finally, we include training lagged one
period instead of contemporaneous training as an instrument,
as there could be concerns that training intensity does depend
on the innovation in productivity. For example, in the case of
an unexpected economic downturn, firms could send their
employees more easily on training since the opportunity cost
of training is lower, which would create a downward bias
in the estimated training coefficient. For all these robustness
checks, our results remained qualitatively the same, as shown
in the last three rows of table 7.24

D. Robustness Checks: Worker Heterogeneity

In Section VA, we made a distinction between blue- and
white-collar workers and assumed them to be imperfectly

23 In the SUR estimation, we do not try to control for the endogeneity
of inputs.

24 We also estimated our main specifications using the Blundell and Bond
(1998) system-GMM estimator exploiting various lag structures of the
endogenous variables as instruments. While our point estimates remain
robust, the Hansen test of overidentifying restrictions rejects the validity of
the instruments.
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Table 8.—Worker Heterogeneity, Perfect Substitution

OLS ACF

Productivity Wage Productivity Wage

Schooling (βT or λT ) .255∗∗ .112∗∗ .189∗∗ .094∗∗
(.016) (.005) (.012) (.013)

Wald test βT = αT

χ2
1 ( p-value) 161.4 (.000) 18.1 (.000)

Type of contract (βT or αT ) .273∗∗ .155∗∗ .222∗∗ .139∗∗
(.012) (.005) (.013) (.006)

Wald test βT = αT

χ2
1 ( p-value) 123.4 (.000) 45.3 (.000)

Type of contract and
schooling (βT or αT ) .211∗∗ .112∗∗ .168∗∗ .098∗∗

(.011) (.005) (.012) (.008)

Wald test βT = αT

χ2
1 ( p-value) 99.7 (.000) 24.6 (.000)

Female/male
employees (βT or αT ) .417∗∗ .199∗∗ .301∗∗ .164∗∗

(.014) (.006) (.013) (.007)

Wald test βT = αT

χ2
1 ( p-value) 360.7 (.000) 129.6 (.000)

Results of controlling for different types of worker heterogeneity. Full sample pooled. Standard errors are
computed using a block bootstrap procedure with 500 replications and are robust against heteroskedasticity
and intragroup correlation. Significant at **5%.

substitutable. In this section, we include other measures for
worker heterogeneity, but we take the assumption that these
are perfectly substitutable in order to be able to use the full
data set. First, we include measures for the education level of
the labor force; second, we control for the gender composition
of the workforce.

Ideally we would be able to distinguish between high- and
low-educated workers and observe the proportion of trained
workers within each type. This would allow us to control
for the education level of the workers and estimate different
training premiums for different types of workers. Unfortu-
nately, this information is not available, so we experimented
with two different approximations to the skill level of the
labor force. First, we observe the education level of every
employee who leaves or enters the firm in a given year, and
we take the average education level of the inflow and outflow
over all years as a proxy for the education level of the total
labor force. We define a worker to be high educated if he or
she received higher or university education and low educated
if he or she received at most primary or secondary school
education. Second, we make a distinction among blue-collar
workers, white-collar workers, and managers. We insert the
shares of the different types of workers in the production
function and wage equation (see equations [2] and [4]) and
apply again our methodology to control for the endogeneity
of inputs.25 The first part of table 8 reports results, when we
control only for schooling. In the second set of results, we
control only for the type of contract, and the third part of
the table shows results of including both schooling and type
of contract. More detailed results are included in appendix
G. Both the wage and productivity premium of training go
down when controlling for the educational level and types of

25 We allow for the different contract-type shares, as well as the share of
schooled workers, to be endogenous.

contracts. The productivity premium, however, is always esti-
mated to be larger than the wage premium and the difference
is statistically significant. For example, including both the
type of contract and schooling level lowers the wage pre-
mium to 9.8% and the productivity premium to 16.8%, which
is more in line with results from previous studies.

Besides blue- and white-collar workers, we observe as
well the number of male and female employees. Given pre-
vious findings on productivity-wage differentials between
women and men (Hellerstein & Neumark, 1999), we check
the robustness of our results to the inclusion of the share of
female employees. Results are reported in the final part of
table 8. By way of comparison with table 2, it is clear that
controlling for the share of male and female workers does not
modify the training coefficient estimate. Appendix G reports
as well results for assuming the different types of workers to
be imperfectly substitutable. Again, the main results did not
change.

VI. Firm-Specific versus General Training

In the previous sections, we established a positive and
statistically significant impact of training on productivity.
Moreover, the productivity premium was found to be larger
than the wage premium. Note that this gap between the
productivity and wage premium for trained employees can
be explained equally well by perfect competition and firm-
specific training as by imperfect competition and general
training. Each explanation, however, implies radically dif-
ferent policy implications. Which of the two theories is the
better explanation for our results?

The most direct test would be looking at whether the
acquired skills are transferable to other employers. For exam-
ple, Booth and Bryan (2005) find the wage premium of
training received at previous employers is larger compared to
the premium received for training at the current employer in
the United Kingdom. Not only is this result a clear indication
that most training is general in nature, but it also gives support
to theories explaining firm-provided training by labor market
imperfections. Loewenstein and Spletzer (1999) find compa-
rable results for the United States. Unfortunately, we cannot
test directly for general versus firm-specific training as we
do not have employee-level data about training at the current
versus previous employer. However, note that our training
measure represents formal training, which is most likely to
be general in nature. Moreover, we attempt to infer from the
turnover rates whether training is most likely to be general or
specific in nature.

Under both firm-specific training and general training,
firms are less likely to dismiss trained workers. Firm-specific
training is also likely to be negatively related to workers’ quit
rates, but general training is less likely to reduce quit rates.
The reason is the following. Both firm-specific training and
perfect competition as well as general training and imper-
fect competition create a gap between the workers’ wage and
marginal product, making trained workers more profitable
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Table 9.—Separation Rates and Training

FE One Lag FE Two Lags

Dismissals Quits Dismissals Quits

Train. Sharet−1 −.00254∗ −.00132 −.0028∗ −.0023
(.0015) (.0024) (.0015) (.00241)

Train. Sharet−2 .00174 .00627∗∗
(.00149) (.00237)

Number of observations 76,359 76,359 76,340 76,340

Firm and year fixed effects as well as the inflow of employees both contemporaneous and lagged one
period included. Significant at **5%, *10%.

for the firm. Training costs are sunk, and hence firms are less
likely to fire trained workers. For workers, firm-specific and
general training can have a differential impact on their prob-
ability to quit the firm. Under firm-specific training, acquired
skills are not applicable in other firms, creating a gap between
the wage of a trained worker at the current firm and the out-
side wage.26 Consequently the probability of a voluntary quit
should be lower. When training is general in nature, however,
it is possible that it does not have an impact on quit rates
of workers. For example, when the presence of unions is the
main source of wage compression, trained workers could earn
the same wage at other firms, leaving the quit rate unaffected
at training firms. Moreover, poaching of trained workers by
other firms could even increase the probability of a voluntary
quit.

Our data set allows us not only to compute general sepa-
ration rates, but also to distinguish between whether these
separations are dismissals initiated by the firm or quits
initiated by the worker. When we regress the quit and dis-
missal rates on the share of trained workers lagged one
and two periods, we find that dismissal rates are negatively
and significantly affected by the lagged share of trained
employees,27 as can be seen from table 9. Quit rates however
seem to be unaffected by the number of trained workers. The
coefficient on the lagged share of trained employees is not
significantly different from 0. The share of trained employ-
ees lagged two periods has even a positive and significant
impact on the quit rates.28 Our results are consistent with
the few papers in the training literature relating job turnover
to training. Lynch (1991) finds that young workers are less
likely to leave the firm if they have received on-the-job train-
ing, while workers who participated in off-the-job training are
more likely to leave the firm. She takes this as an indication

26 Note that in principle, the firm can leave the wage of trained workers
unchanged after training under firm-specific training as the outside option
for the worker has not changed. However, Becker (1964) and Hashimoto
(1981) noted that it can be optimal for both workers and firms to share ben-
efits of training, namely, under the form of higher wages but still lower
than the marginal product, lowering the probability a worker quits the
firm.

27 We control not only for firm fixed effects but include also inflows of
employees both contemporaneous and lagged one period and year dummies
to control for business cycles.

28 When aggregating training and separation rates at the four-digit level,
there was a substantial and significantly negative correlation between the
dismissal rate and the share of trained employees but not between the quit
rate and share of trained employees.

that on-the-job training is more firm specific and off-the-job
training is more general. However, Parent (1999) uses the
same data set and estimates both off-the-job and on-the-job
training to have a negative effect on the probability of separa-
tion. Bassanini et al. (2007) estimate the relationship between
voluntary quits and training for some European countries,
including Belgium, and do not find an impact of past training
spells on turnover. Although not a formal proof, these results
suggest that the training is most likely to be general in nature
instead of firm specific and, combined with our estimates
of the return of training on wages and productivity, give sup-
port to the theoretical work by Acemoglu and Pischke (1998)
explaining training by imperfections in the labor market.

VII. Conclusion

This paper used a large firm-level panel data set to analyze
the impact of firm provided training on both wages and pro-
ductivity. We are able to measure for each firm the number of
employees who received some kind of formal training as well
as the training costs and the hours spent on training for the
period 1997 to 2006. We use a control function approach to
estimate production functions and wage equations at the firm
level to infer productivity and wage premiums of training,
taking explicitly the endogeneity of training into account.

Our results indicate that the productivity increase asso-
ciated with training is larger than the wage increase. More
precisely, effective labor input increases by 1.7% to 3.2% in
response to an increase of 10 percentage points in the frac-
tion of workers who receive training, while the average wage
increases by only 1% to 1.7%. This difference between the
productivity premium and the wage premium is statistically
significant and robust across a wide range of specifications.
We find a slightly higher impact of training in nonmanufac-
turing compared to manufacturing sectors. Our results are
robust across different specifications and definitions of the
training variable. In particular, we take into account vari-
ous measurement issues, estimation methods, and sources of
worker heterogeneity.

We provide initial evidence that the majority of training
is general in nature, and hence our results are consistent
with theories such as Acemoglu and Pischke (1998, 1999a,
1999b), which explain firm-provided general training by
imperfect competition in the labor market and wage compres-
sion. This finding can have important policy implications.
The standard result of Becker (1964) is that if workers are
not credit constrained, training investments are efficient and
government intervention is unnecessary or should be directed
to the credit markets. However, with imperfect labor markets
and a compressed wage structure, there could be underinvest-
ment in training from a social point of view. For example,
when making their training decisions, firms do not take into
account the possible externalities for future employers of
trained workers (Acemoglu & Pischke 1998, 1999a, 1999b).
This opens possibilities for the government to implement
training subsidies.
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