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Abstract
We use 29 OECD countries data spanning over 1960-2000 to study the
growth strategy when countries are close to the technology frontier. Relying on
a semi-parametric generalized additive model, we estimate labor productivity
equations. We find that the number of agents enrolled in higher education is a
determinant of growth. Moreover, when a country is sufficiently near the technology frontier thanks to an increasing R&D expenditure, it becomes optimal
to invest in fundamental research, since after a short period of efficiency, business R&D can no longer ensure the transition toward the technology frontier,
while higher education presents the opposite shape. These findings support the
main assertion of Aghion and Cohen (2004) that countries which are near the
technology frontier have to invest in higher education while those far away from
the frontier make their technology level growing up by investing in primary and
secondary schooling.
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Introduction

In endogenous growth theory (see e.g., Romer, 1990), human capital accumulation is
one of the most important factors of growth. Assuming constant returns to technology, Mankiw, Romer, and Weil (1992) show that years of schooling increase the productivity. Nelson and Phelps (1966) have already asserted that the stock of human
capital determines the ability to innovate or to catch up with developed countries.
As pointed out by Hanushek and Kim (1995) and Hanushek and Kimko (2000), a
high human capital accumulation and more fundamental research (say, university
research) generates a higher economic growth level. Therefore, expenditure devoted
to higher education becomes very important for the welfare of an economy. This
calls for the implementation of a government policy that would readily mop up the
flow of financial means into the economic system so that quality higher education
can be ascertained.
Most of the empirical studies have shown that human capital (usually measured
empirically by years of education) and R&D have a significant positive effect on
economic growth. Bassanini and Scarpetta (2001) have used a panel of 21 OECD
countries for the period 1971-1998 to study the effect of human capital, R&D, demographic growth and investment on the real GDP per capita. Using “pooled mean
group estimator”, they find that, whereas years of schooling, total R&D expenditure
and industry R&D have a significant positive effect on GDP per capita growth rate,
public R&D has a negative effect. The latter might be explained by the fact that
the part of public R&D expenditure devoted to defence area is higher than those
devoted to civilian area. Relying on 16 OECD countries over the period 1980-1998,
Guellec and Pottelsberghue (2001) investigate the long term relationship between
various types of R&D and multifactor productivity growth, hereafter MFP, within
an error correction model and instrumental variables. They find that business R&D
and foreign R&D have significant positive effect and only the defence-related part of
public funding has a negative and significant effect on MFP. One main result is that
the elasticity of public R&D is positively affected by the public research share done
by universities.
Moreover, the endogenous growth theory suggested that, the difference of productivity growth rate between countries can be explained by differences in R&D
and educational policy systems. In a recent theoretical and empirical study Aghion
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and Cohen (2004)1 focus on the increasing importance of higher education when the
technology in a country is near to the technology frontier.2 They deal with the fact
that the role of education in growth emphasizes on two mechanisms: the first one
is that educated persons are more productive since they have a high human capital,
and the second one concerns technological progress; a higher education level enables
to adapt or to develop new technologies in a easier way. Some authors, viz, Aghion
and Cohen (2004) state that countries which are near the technology frontier, have
a kind of productivity gain achieved differently from those who are far away from
the technology frontier. The authors assert that for countries located far away from
the technology frontier, the productivity gain is obtained by the channel of adaptation and imitation of existing technologies. But for those who are near the frontier,
innovation becomes the driving force of growth. Also, they develop a theoretical
model where they find a critical threshold, below which to invest in primary and
secondary education is more efficient and above which the country should invest in
higher education.
Using data on 20 OECD countries, Aghion and Cohen (2004) studied the effect of
years of schooling and countries labor productivity backwardness relative to USA on
total productivity growth. They find that taking separately primary, secondary and
higher education, the more a country is near the technology frontier, the more an
additional year of schooling in primary or secondary level makes the marginal return
to decrease. Their estimated threshold is 24% under the frontier and an additional
year in higher education entails 8% effect on total factors productivity.
Our study complements Aghion and Cohen (2004) but departs from it on several
respects. Specifically, we address the question: given the degree of development,
what kind of education strategy policy a country should adopt. To this end, we
investigate the interplay between labor productivity backwardness relative to USA,
education, R&D expenditures and the relation between labor productivity growth
labor productivity backwardness and education. An innovative aspect of this study
concerns the econometric specification we used. Previous studies in the literature
used parametric specifications. Here, we assumed a semi-parametric generalized additive model. To the best of our knowledge, our study is the first one which does
adopt such specification to study growth empirics of labour productivity. This estimation strategy places less possible restrictions in the functional form to be estimated
1
2

The study of Aghion and Cohen (2004) is based on the French case.
The frontier is measured by the technology of USA
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and then allows for nonlinearities in the relationship between the response variable
and the explanatories. This specification also does address the issue regarding the
well known “curse of dimensionality” in fully nonparametric regressions when several variables are included as regressors. Moreover, the parametric component in
the specification is not predetermined as usually does in the literature. Here, the
parametric component are based on specification tests.
To answer the above question of education strategy policy, we use 29 OECD
countries data over the period 1960-2000 to estimate nonparametrically two models.
In the first model, the dependent variable is labor productivity growth. In the second,
the dependent variable is labor productivity backwardness. The main results that
emerge are the following. We first find that the number of agents enrolled in higher
education is a determinant of growth. This finding is partly consistent with Aghion
and Cohen assertion. Indeed, the latter seems valid only if we have a high number
of potential researchers, say the threshold. Secondly, there is a threshold above
which business research can no longer ensure the transition toward the technology
frontier. With this end in view, investment in fundamental research becomes one of
the driving force of economies which are near the technology frontier.
The remaining of the study is organized as follows: sections 2 and 3 describes
respectively data and variables used in this study and the econometric specification.
Estimation results are discussed in section 4, and section 5 concludes the study.

2

Data and variables

Recall that we estimate two models. First, the dependent variable is GDP per worker
growth rate (as a measure of labor productivity growth), and second, the explained
variable is labor productivity backwardness (in logarithmic term). The explanatory
variables in the first relation are labor productivity backwardness and human capital
(school enrollment rate in primary, secondary and higher education). For the second
relation, we use as explanaroties, human capital (school enrollment rates), R&D
expenditure in percentage of GERD3 financed by industry4 , R&D expenditure in
percentage of GERD financed by government, and part of R&D expenditure funded
from abroad.
Our empirical examination is carried for 29 OECD countries over the period 19603
4

Gross Domestic Expenditure on R&D as a percentage of GDP.
This expenditure goes only to industries.
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2000. The data is obtained from the Penn World Table 6.1, World Development and
Eurostat (see Appendix A for details on variables definition, data sources and the list
of countries). There are a lot of interactions between education labor productivity
and economic growth. The human capital, ability of workers and their wages are
quite related, agents with higher wages being simply those with higher qualification.
For example Boucekkine et al. (2002) show that a longer life horizon increases the
agent’s incentive to study in a longer period since they anticipate higher wage level
according to their qualification. Education increases individual labor productivity
since acquired abilities and knowledge enable to produce more and newest services
at better quality.
In studying labor productivity growth and labor productivity backwardness, we
follow the bulk of the literature by not controlling for possible all determinants. Of
course, it is not our intention to deny the role of other factors. However, a number of points can be made in support of our choice. The first and the obvious one
concerns data limitations.5 In this respect, it is important to note that using panel
methods that sweep country effects away lets us control implicitly for any time invariant determinant. The second obvious point concerns comparability with existing
studies. A more technical point concerns the curse of dimensionality in nonparametric studies: adding discrete regressors to a nonparametric specification does not
alter the speed of convergence of the estimator, but adding continuous regressors
does. More importantly, we are not concerned here with obtaining best predictions
for labor productivity growth and labor productivity backwardness next year, say,
but with the shape of the relationships. In this respect, determinants of labor productivity growth and labor productivity backwardness which are not correlated with
regressors become irrelevant. Moreover the impact of omitted determinants which
are correlated with included regressors will be captured in the effect of those regressors. Depending on the question asked, this can be seen as a drawback or as an
advantage. It is a drawback if we purport to determine the ceteris paribus impact of
regressors – but what list of regressors would guarantee this? It is an advantage if
we are interested in the global effects, including indirect effects linked with omitted
variables. This is indeed the stance we take here. While the results of our study
5

Is should be noticed that Aghion and Cohen (2004) used the Total Factor Productivity (TFP)

which is the best measurement of labor productivity. Here, due to data limitations (since we include
other variables in our specification), we end up with only 17 countries if we were to consider the
TFP.

5

will not enable us to make precise policy prescriptions, we will be in a position to
intervene convincingly in the long debate on the education strategy policy which
allows to boost growth.
A final remark concerns the use of school enrollment rate as a proxy of human
capital. Apart the fact that, it is a consensus choice in the empirical literature,
at a first sight, estimations based on this may seem quite restrictive since school
enrollment rates don’t reflect the qualitative effect of education and the others aspects
of human capital. However, even in school enrollment rates there are still many
differences between respective countries; for example in 1996, the school enrollment
rate in higher education was 52% in France against 18.2% in Turkey and 60.3% in
Corea Republic. Also, according to Romer (2000), if R&D don’t encourage a greater
number of researchers to develop new ideas, they might be inefficient. Indeed, if
we have a fixed number of researchers, an increase in R&D expenditures generates
simply a higher wage level for them, and will have no impact on growth rate. So, to
obtain an effect on growth, the increases in the wages of researchers might encourage
many agents to adopt the research career. Also, with a general purpose technology,
we need high skills, consequently an increase of the number of persons with higher
formation favors growth. In this case, our choice concerning school enrollment rate
for the three levels of education might be relevant. Descriptive statistics are presented
in Table 1.
Insert Table 1
From this table we can notice big variations in the labor productivity backwardness, meaning many heterogeneities in this variable from one country to the other; we
have very different levels of backwardness in the sample. For R&D expenditure, on
average, percentage funded from abroad is higher than the others, and the percentage financed by government is the lowest one. Comparing the means of schooling,
the secondary one is very high (85%), and only 36% for the higher level. This means
that on average, there is not sufficient potential researchers, to ensure fundamental
research which is very important for the renewal and the increase of the stock of
knowledge in a country.
Insert Figure 1
Figure 1 displays the graphs of the density estimates of labor productivity and
labor productivity backwardness. The densities show mainly unimodal distributions.
6

Moreover, it is clear that the two densities are different and then, both variables are
not telling the same history.
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Econometric specification

We consider estimating non parametric additive models to study labor productivity growth and labor productivity backwardness. Additive models are widely used
in both theoretical economics and econometrics. Deaton and Muellbauer (1980)
provides examples in which a separable structure is well designed for analysis and
important for interpretability. From an econometric viewpoint, this specification has
the advantage of avoiding the “curse of dimensionality” which appears in nonparametric regressions when many explanatory variables are included. It also allows us to
capture nonlinearities and heterogeneity in the effect of explanatory variables on the
dependent one.6 Moreover, the statistical properties (optimal rate of convergence
and asymptotic distribution) of the estimator of the resulting regression function
is well known (see e.g., Stone, 1980,1982) and Ibragimov and Hasminskii, 1980).7
Additive models also offer some simple testing procedures (see Appendix C). For example, the statistic “Gain” provides a test for nonlinearity against linearity for each
regressor. As a result, our specification also provides a way to detect in a non ad
hoc way the regressors which enter parametrically in the regression function.
In view of this, our econometric specification consists of a semi-parametric GAM
specification for panel data the structure of which is given by
yit = α +

p
X

³ ´
fj xjit + z0it γ + µi + uit ,

i = 1, · · · , N,

t = 1, · · · , T

(1)

j=1

where yit denotes the response variable representing the labor productivity growth in
a first estimation and labor productivity backwardness in a second estimation, xit for
j = 1, · · · , p are continuous explanatory variables, zit γ is the parametric component
with zit explanatories that do enter linearly in the specification, and where γ represents the vector of parameters to be estimated, α denotes the regression intercept.
h ³ ´i
The fj are unknown univariate functions to be estimated such that E fj xjit = 0.
6
7

See e.g. Hastie and Tibshirani (1990) and Stone (1985,1986) for further details on GAM.
Consider the estimation of a regression function f = E(Y |X = x) based on a random sample

(Yi , Xi )n
i=1 from this population. Stone (1980,1982) and Ibragimov and Hasminskii (1980) showed
that the optimal rate of estimating the regression function is n−`/(2`+p) with ` an index of smoothness of f and p is the dimension of f .
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The unobserved effect µi can be eliminated by differentiating or computing the within
transformation. Lagging relation (1) by one period and subtracting yields
yit − yi,t−1 =

p
X

fj (xjit )

−

j=1

p
X

fj (xji,t−1 ) + (zit − zi,t−1 )0 γ + ηit ,

(2)

j=1

where ηit = uit − ui,t−1 . We also assume that
E(ηit |xjit , xji,t−1 ) = 0,

i = 1, · · · , N,

t = 2, · · · , T

which identifies the functions
p
p
h
i X
X
fj (xjit ) −
fj (xji,t−1 ),
E yit − yi,t−1 |xjit , xji,t−1 =
j=1

(3)

j=1

with the norming condition E[fj (xjit , xji,t−1 )] = 0, since otherwise there will be free
constants in each of the functions. It should be noticed that a special case under
which first difference hypothesis is satisfied is strict exogeneity which drives the
within estimator for parametric panel models. Furthermore, we assume that the
error ηit is such that V(ηit |∆xit , ∆zit ) = σ 2 (∆xit , ∆zit ). For a given j, let us denote
fˆ(xit ) and fˆ(xi,t−1 ) the estimates of f (xit ) and f (xi,t−1 ) respectively. Then, a
ˆ
more precise estimator8 , say fˆ, can be obtained as a weighted average of fˆ(xit ) and
fˆ(xi,t−1 ):
h
i
ˆ 1 ˆ
fˆ =
f (xit ) + fˆ(xi,t−1 )
(4)
2
In practice, we base our estimation on a “backfitting algorithm” (see Appendix
C for details on the computational methods).9 We also test for the parametric
analogue of the regression function against the non parametric one using the “gain”
statistic. The “gain” is the difference in normalized deviance between the GAM and
a model with a linear term for the corresponding regressor. (see Appendix C for
details). Finally, our confidence interval are constructed using the “wild bootstrap”.
As shown in Appendix D, the wild bootstrap has the advantage of being robust to
heteroskedasticity and correlation between observations.
8
9

This is particularly useful in case where the shape of the two estimates are closely related.
Linton and Härdle (1996) propose an alternative estimation method based on the integration of

a transformed pilot regression smoother. However, this estimator is not efficient and more recently,
Linton (2000) suggested two-step procedures which are more efficient.
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4

Estimation results

The first estimation explores the relationship between labor productivity growth,
labor productivity backwardness and the three levels of education (school enrollment
rate in primary, secondary and higher education). It is important to notice that
here, if labor productivity backwardness is used as regressor in labor productivity
growth equation, the reverse is not. As a result, here, we do not face a simultaneous
regression specification issue, even thought it may be interesting to investigate such
question as we point out later in the concluding section.
Insert Table 2
If we only look at the total gain, we can conclude that parametric model is
not rejected, but as illustrated by the results in Table 2, it is apparent that the
relation between labor productivity growth and school enrollment rate in higher
education has nonlinear pattern. In fact, the gain statistic of higher education follows
a χ2 with degrees of freedom equal to the individual degrees of freedom, is equal to
18.534 > χ2 (10.006) = 18.315 at the 5% level. These features are apparent in Figure
2.
Insert Figure 2
We can distinguish three phases in the evolution of labor productivity according
to the evolution of higher education. In the first two phases, one observes a non
significant increasing and decreasing shape in labor productivity when the number
of persons enrolled in higher education increases. But the third phase reveals that
labor productivity growth is significantly affected by school enrollment rate in higher
education. This means that concrete results on growth will not appear unless we have
a sufficient number of agents enrolled in higher education. These features strengthen
Aghion and Cohen’s analysis. However, in our context, the latter implies enough
potential researchers in fundamental research area, in other words, enough students
in higher education. In long run, a larger number of students might probably enlarge
the number of researchers who propel the stock of knowledge and innovation.
Now, the point is, what role does higher education play in the transition of a
country toward the technology frontier? As pointed out by Guellec and Pottelsberghue (2001), basic research performed mainly by universities enhances the stock
of knowledge of the societies, and may open new opportunities to business research
9

which in turn positively affect productivity. Therefore, it may be interesting to investigate the relationship between education, R&D and productivity. This is the aim
of our second step.
In this part, the dependent variable is the labor productivity backwardness relative to USA. Indeed, it seems relevant to explore the way some variables influence
countries technological path toward the technology frontier represented by the USA
technology. For these variables, we use the enrollment rate for the three stages of
education, R&D expenditure in percentage of GERD financed by industry, R&D
expenditure in percentage of GERD financed by government and percentage of R&D
expenditure financed from abroad. We still retain the GAM specification. Estimation results are represented in Table 3 and Figures 3 and 4.
Insert Table 3
The total gain statistic is equal to 44.569 > χ2(14.992) = 24.985. As a result,
the parametric model is rejected against the nonparametric one. For government
expenditure, the positive or negative effect depends on the nature of the research,
either the biggest part is guided to defense or civilian objectives. In fact, the defenserelated part of public funding has a negative and significant effect on growth as
concluded by Guellec and Pottelsberghue (2001). We notice that the relationship
between labor productivity backwardness and the two explanatory variables, viz.,
higher education and percentage of R&D financed by industry is nonlinear, since
20.299 > χ2(4.99) = 11.061 and 20.391 > χ2(5.998) = 12.588 respectively. So
nonlinearities in this model come mainly from these two variables. These features
are illustrated by Figures 3 and 4.
Insert Figure 3
In Figure 3, labor productivity backwardness increases with higher education
until reaching a threshold (computed as 30.6%) from which it starts decreasing. As
a result, to ensure innovation and technological catch-up, a country should initially
have an important potential of researchers. This view can be linked to the main
hypothesis of Romer (1990), that human capital is essential element in production
of new ideas, and a given increase in the stock of human capital generates an infinite
speeding up of the growth rate. Therefore, in many endogenous growth model,
human capital must reach some level to permit innovation.
10

Insert Figure 4
For R&D expenditure funded by industry (Figure 4), the shape of fˆ is the opposite to what we obtain with higher education. Firstly, labor productivity backwardness decreases with the industry expenditure, implying that with the increase
in these expenditures, countries are nearer the technology frontier, but there is a
threshold (computed as 32.99%) from which labor productivity backwardness starts
increasing, and finally displays a constant pattern. So it seems that when a country
is sufficiently near the frontier, it is more efficient to invest in fundamental research,
since taken alone, after a short period of efficiency, business R&D can no longer
guaranty the transition toward the technology frontier. As an argument, we know
that at this stage of development, imitation of new technologies from other countries
is not adaptable, the concerned country must innovate to favor growth. However,
through research done by universities, we have an increasing stock of knowledge in
the society, and then it gives new perspectives to the research in industries.

5

Conclusion

In this paper, we justified the idea of Aghion and Cohen (2004) and find that things
are more complicated than they seem, by including R&D expenditures, and explaining labor productivity and labor productivity backwardness with different tools. In
fact, concrete results on growth will not appear unless we have a sufficient number of agents enrolled in higher education, meaning enough potential researchers in
fundamental research area; a larger number of students might probably enlarge the
number of researchers in long run.
Also, it seems that when a country is sufficiently near the technology frontier, it
is more efficient to invest in universities (fundamental research), since after a short
time, business R&D can no longer ensure the transition toward the technology frontier, while higher education presents the opposite shape. So, it seems important that
relevant authorities have to connect universities and R&D, and make university laboratories and technology poles in synergy. They must promote wages differentiation to
strengthen competition between universities in order to attract best researchers and
students, and perform the education system quality. Direct subsidies on R&D must
be accompanied by those on formations with research career target, and motivate
actors in university.
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An extension of this study would be to introduce a country-specific trend in the
model. Another natural extension would be to investigate a VAR-type model to analyse the long-run and short-run patterns. Finally, structural nonparametric modelling
(which incorporates potential endogeneity and simultaneity problems which may link
labor productivity growth and labor productivity backwardness) may also deserve
more attention. However, accounting for this in a nonparametric setting is by no
means trivial.
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Appendix
Appendix A: List of countries
Australia, Austria, Belgium, Canada, Czech Republic, Denmark, Finland, France,
Germany, Greece, Hungary, Iceland, Italy, Japan, Korea, Luxembourg, Mexico,
Netherlands, New Zealand, Norway, Poland, Portugal, Slovak Republic, Spain, Sweden, Switzerland, Turkey, United Kingdom, United State of America (USA).

Appendix B: Variables and source
Table A. Variables and sources
Variables

Definition

source

Labor productivity

Real GDP per worker, Yit∗

(a)

Labor productivity backwardness (relative to USA)

Yit −YU S ∗∗
YU S ∗∗

t

t

Primary school enrollment

Rate

(b)

Secondary school enrollment

Rate

(b)

Higher education

Rate

(b)

R&D funded by industry

In percentage of GERD

(c)

R&D funded by government

In percentage of GERD∗∗∗

(c)
(c)

Part of R&D from abroad
∗

Country i at period t; ∗∗ (U S t ) USA at period t.

∗∗∗

Gross Domestic Expenditure on R&D (GERD) as a percentage of GDP.

(a)

Penn World Table 6.1; (b) World Development Indicator. (c) Eurostat (OECD).

Appendix C: Estimation procedure and specification test (“gain”)
The GAM specification considered can be rewritten in compact form:
Y =α+

p
X

fj (Xj ) + Z0 γ + ²

(5)

j=1

The fj are unknown univariate functions to be estimated such that E [fj (Xj)] = 0. The
estimation of this model might be implemented by the following steps.
Step 1: Center the data.
Step 2: Regress the residuals ²̂ on Xj , j = 1, ..., p by using the backfitting
algorithm (see below). The resulting smooth is the first estimate of fj (Xj ),
fˆj (Xj ).
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Step 3: Obtain the estimate of γ by ordinary least squares

γ̂ = E Y − α̂ −

p
X


fˆj (Xj ) |Z

(6)

j=1

where as α̂ =

1
n

Pn
i

Yi .

Step 4: Center the data again, and continue the process until convergence.
Backfitting Algorithm
Pn
(a) Initialize α̂ = n1 i Yi , fj (Xj ) = fj0 (Xj ) , j = 1, ..., p
(b) Cycle: j = 1, ..., p, 1, ..., p...




fˆj (Xj ) = Sj Y − α̂ −

X

fˆj (Xk ) |Xj 

(7)

k6=j

where Sj is the smoother, using k nearest symmetric neighborhood
for f 0 , and fˆj is the nonparametric estimtor of fj .10
j

(c) Continue (b) until the individual functions don’t change.
The degree of freedom dfj of the fit fˆj might be approximated by the trace of 2Sj − Sj S0j
where Sj , is the smoothing matrix so that f̂ = Sj w (f̂ is the vector of fˆj and w is the
P ˆ
fj (Xk ). In the case of linear estimator, we have
vector corresponding to Y − α̂ −
k6=j

Sj = X (X0 X)

−1

X0 , where X is the matrix of regressors dfj = 1.

To compare two individual smooths f̂j1 = Sj,1 w and f̂j2 = Sj,2 w, we can use the approximative statistic
J=

(RSS1 − RSS2 ) / (df2 − df1 )
∼ Fdf2 −df1 ,n−df2
RSS2 / (n − df2 )

(8)

where RSS1 and RSS2 are respectively the deviance (or the residual sum of squares) of
models corresponding to fˆj,1 and fˆj,2 . The distribution of the statistic “gain” J × (df2 − df1 )
is approximated by χ2 (df2 − df1 ) . Intuitively, the “gain” is the difference in normalized
deviance between the GAM and a model with a linear term for the corresponding regressor.
A large gain indicates a lot of nonlinearity, at least as regards statistical significance. The
associated p-value is based on a chi-square approximation to the distribution of the gain
if the true marginal relationship between that regressor the response variable was linear.
Finally, it should be noticed that the df of the “gain” statistic may be fractional.
10

Here, we use the local linear kernel estimator. This estimator is not adversely affected by the

boundary of the data sample. Moreover, as proved by Fan (1992), it is the best linear smoother in
the sense that it is the asymptotic minimax linear smoother when the unknown regression function
is in the class of functions having bounded second derivative.
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Appendix D: the wild bootstrap
Several bootstrap methods are available (see, e.g., Horowitz, 2001). To construct the confidence bands for nonparametric estimators as well as the critical values of the nonparametric
tests, we use the wild bootstrap as now described. Let us consider the univariate nonparametric regression model
y = f (x) + ²,

(9)

where f (x) represents a unknown function of x, whose nonparametric estimator is denoted
fˆ (x, h), h being the smoothing parameter. Let us denote by ²̂ = y − fˆ (x, h) the regression
residuals. The different steps of the wild bootstrap algorithm are the following:
s=1
Repeat
Step 1: Generate the bootstrap errors ²∗ using the two points distribution
√ ¢
¡
probability: P (²∗ = ²̂λ) = δ; P (²∗ = ²̂µ) = 1 − δ, with λ = 1 − 5 /2,
√ ¢
√ ¢
¡
¡
µ = 1 + 5 /2, δ = 5 + 5 /10.
Step 2: Generate new bootstrap samples y ∗ = fˆ (x, hb ) + ²∗ , where hb is the
bandwidth slightly greater than h. Then, fˆ (x, hb ) is slightly over-smoothed
compared to fˆ (x, h). Compute fˆ∗ (x, h), that is the nonparametric estimator
applied to the bootstrap sample {y ∗ ; x}.
s=s+1
Until s = B (number of bootstrap samples, here we set B = 1000).
In order to compute the pointwise bootstrap confidence interval of level (100−α) for fˆ (x, h),
we define the lower and upper bounds as the (α/2)th and (100 − α/2) percentiles of the
distribution of the bootstrap estimators fˆ∗ (x, h), respectively.
Remark 1 The wild bootstrap yields estimations which account for heteroskedasticity and
correlation between observations. This can be easily observed from the resulting covariance structure.

Indeed, let ûn denote a random variable, and u∗n the associate boot-

strap sample, where u∗n has realization probabilities p and 1 − p corresponding to β ûn and
¡
¢
γ ûn , respectively. Then, we can write, from the covariance decomposition, cov u∗i , u∗j =
£
¡
¢
¤
£
¡
¢¤
E cov u∗i , u∗j | ûi , ûj +cov E (u∗i | ûi , ûj ) , E u∗j | ûi , ûj . Since E [cov (u∗i , u∗i ) | ûi , ûj ] =
¡
¢
0; and E (u∗k | ûi , ûj ) = ûk , k = i, j, we obtain cov u∗i , u∗j = cov (ûi , ûj ).
Remark 2 Another advantage of the bootstrap in constructing confidence intervals is that
it avoids the computation of constants such as the bias of the estimator (see Härdle, 1990).
Remark 3 Other types of bootstrap confidence intervals can be used (for example, uniform
confidence intervals) but their computation is not trivial.
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Table 1: Descriptive Statistics
Variables

#Obs.

Mean

Std.Dev.

Min.

Max.

958

0.036

0.47

-0.01

1.02

Labor productivity backwardness

985

-0.88

1.2

-6.82

3.38

Primary school enrollment rate

603

0.11

0.01

0.08

0.14

Secondary school enrollment rate

615

0.85

0.23

0.11

1.48

School enrollment rate in higher education

280

0.36

0.19

0.04

0.98

Government R&D expenditure

196

0.4

0.14

0

0.7

Industry R&D expenditure

186

0.5

0.15

0

0.91

R&D expenditure from abroad

182

0.61

0.52

0

3.03

Labor productivity growth rate

Table 2: GAM estimation for labor productivity growth
Coef.

Std.Err

df.

Gain(a)

Labor productivity backwardness

-0.7

0.64

2

0.7

Primary school enrollment rate

-0.12

0.12

5.99

5.636

Secondary school enrollment rate

-0.12*

0.05

20

18.44

0.36

0.11

10

18.53(b)

2.18**

0.84

1

-

Variables

School enrollment rate in higher education
Intercept

(a)

The Gain statistic is computed as described in Appendix C.

(b)

Significant Gain statistic.

(∗∗)

Significancy at the 1% level;

(∗)

significancy at the 5% level.

18

Table 3: GAM estimation for labor productivity backwardness
Variables

Coef.

Std.Err

df.

Gain(a)

Primary school enrollment rate

-0.08*

0.04

2

0.64

Secondary school enrollment rate

-0.02

0.013

2

1.8

School enrollment rate in higher education

-0.02

0.02

4.99

20.29(b)

0.03**

0.01

3.99

1.24

Industry R&D expenditure

0.02

0.011

5.99

20.39(b)

R&D expenditure from abroad

-0.04

0.03

2

0.17

Intercept

-0.18

0.16

1

-

Government R&D expenditure

(a)

The Gain statistic is computed as described in Appendix C.

(b)

Significant Gain statistic.

(∗∗)

Significancy at the 1% level;

(∗)

significancy at the 5% level.

Labor productivity

Labor productivity backwardness

.353515

.000603
−.896213

10.8469

Figure 1: Distribution of labor productivity and labor productivity backwardness,
kernel density estimate (Epanechnikov kernel).
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1.5e+10

−6.8e+09
97.7

4
Higher education

Figure 2: Nonparametric regression of the relation between labor productivity growth
and school enrollment rate in higher education (from Table 2). The figure shows the
estimated curve and the wild bootstrap confidence interval at 95%. The straight line
is the zero line.

20

.
3.29774

−8.90119
70.3

13.8
Higher education

Figure 3: Nonparametric regression of the relation between labor productivity backwardness and school enrollment rate in higher education (from Table 3). The figure
shows the estimated curve and the wild bootstrap confidence interval at 95% level.
The straight line is the zero line.
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.
4.79587

−5.56527
77.43

0
Industry expenditure

Figure 4: Nonparametric regression of the relation between labor productivity backwardness and the part of R&D expenditure in percent of GERD funded by industries
(from Table 3). The figure shows the estimated curve and the wild bootstrap confidence interval at 95 % level. The straight line is the zero line.
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