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Abstract

The purpose of this paper is to examine the Information and Com-

munication Technology (ICT) capital-economic growth nexus, taking

into consideration the previously documented nonlinear relationship

between initial income and human capital on the one hand and eco-

nomic growth on the other. We apply nonparametric techniques for

a number of OECD countries for the period 1980-2004. Speci�cation

tests provide evidence in favor of the semiparametric speci�cation in

which initial income, human capital and ICT capital enter nonlinearly.
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1 Introduction

In recent years economists have debated whether the accumulation of infor-

mation technology, or generally referred to as information and communica-

tion technology (ICT), capital contributes positively to rising income. On

the one hand, it is argued that the development of ICT is one of a series

of positive temporary shocks and its has a non permanent e¤ect on growth

(see for instance, Berndt and Morrison, 1995, Morrison, 1997, Jorgenson and

Stiroh, 1999, Jorgenson. 2001 and Gordon, 2000). On the other hand, there

is argued that ICT has produced a fundamental change in the economy lead-

ing to permanent improvement in growth prospects (see for instance Siegel,

1997, Barua and Lee, 1997, Stiroh, 2002 Biscourp et al, 2002, Matteucci et

al., 2005, and Basu et al, 2003).

The purpose of this paper is to examine the e¤ect ICT capital on eco-

nomic growth, for a number of OECD countries, taking into consideration

the previously established relationship among economic growth initial in-

come and human capital.

For the most part, the early empirical growth literature relied on a linear

model speci�cation, something that has been challenged by several recent

studies, which investigate nonlinear models that allow for multiple regimes of

growth patterns among di¤erent countries. These models are consistent with

the presence of multiple-state equilibria that classify countries into di¤erent

groups with di¤erent convergence characteristics (see Quah, 1996, Durlauf

and Johnson, 1995, Hansen, 1996, Lui and Stengos, 1999). In a recent study,

Kourtellos (2003), using nonparametric techniques concluded that there ex-

ists substantial parameter heterogeneity in the cross-country growth process

as well as the presence of multiple steady state equilibria. Papageorgiou and

Masanjah (2004) used a CES production function to also explore the issue of

nonlinearity and heterogeneity in a parametric framework. Moreover, sev-

eral researchers have questioned the assumption that human capital exerts

the same e¤ect on economic growth both across countries and across time

and showed instead that this e¤ect di¤ers according to a country�s level

of human capital and that there may be important di¤erences in the way

human capital a¤ects economic growth as far as educational attainment by

gender is concerned (see Kalaitzidakis et al, 2001, Durlauf and Johnson,

1995, Mamuneas, Savvides and Stengos, 2006).

Most of the early evidence based on aggregate US data, suggests that
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ICT and especially computers have had no e¤ect on either productivity

or growth (see Berndt and Morrison, 1995, Morrison, 1997, Jorgenson and

Stiroh, 1999, Jorgenson, 2001, Gordon, 2000). More recent studies relying

primarily on the use of industry or sectoral data indicate that ICT is indeed

playing a major role in the productivity of an economy (Siegel 1997, Barua

and Lee, 1997, Stiroh ,1998, 2002 and Jorgenson, Stiroh and Ho, 2002) .

With regard to non US studies, Biscourp et. al. (2002), using a panel of

5000 French �rms investigate how the decrease in the cost of computers

has a¤ected the marginal cost of �rms, their aggregate labor demand and

their skill structure and they �nd a strong but heterogeneous e¤ect across

�rms. Also Matteucci et al (2005) consider the contribution of ICT to

international productivity performance and show that ICT has typically

had a lower impact on productivity in Europe than in the US, although

there is a considerable variation within Europe. In another paper Basu et al

(2003), �nd in both US and UK a strong correlation between ICT use and

industry TFP growth. The US results indicate that the TFP acceleration

was located primarily in ICT-using industries and is positively correlated

with industry ICT capital growth from the 1980s and early 1990s. In the

UK, TFP in the late 1990s is strongly and positively associated with the

growth of ICT capital services and with the growth of ICT investment.

Finally, Hoon (2003), explores the impact of ICT investment on economic

growth using a cross-country analysis based on data from 56 developing

countries for the years 1970-1998 and �nds that ICT positively contributes

to economic growth in the developing world.

The bulk of this research has examined the relationship between ICT and

productivity for the US economy or other advanced industrialized countries.

However, there is very little research done to examine the impact of ICT

on economic growth for a group of countries, something that we do in this

paper. This study allows the e¤ects of initial income, human capital and

ICT capital to di¤er both across each country and also across each time

period.

We study the impact of ICT capital on economic growth by extending the

empirical model developed by Kalaitzidakis et al (2001). We apply recently-

developed nonparametric estimation techniques that, while allowing for the

well known nonlinear e¤ects of initial income and human capital, investigate

nonlinearities in the relationship between economic growth and ICT capi-
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tal for a number of OECD countries for the period between 1980-2004.The

results that we obtain are consistent with those of previous studies. We

reestablish that initial income and human capital have a nonlinear e¤ect on

economic growth, but we also �nd that there exist a nonlinear relationship

between ICT capital and economic growth. Moreover, when taking into con-

sideration the three components of ICT capital, e.g. IT hardware, commu-

nication equipment capital and software, and re-estimate the nonparametric

model we observe that the nonlinearities still persist as all three ICT capital

components appear to have a nonlinear relationship with economic growth.

Speci�cation tests provide evidence in favor of the semiparametric model in

which initial income, human capital and ICT capital enter nonlinearly.

ICT nonlinearities may arise from country di¤erences in their timing to

the approach to the steady state since the growth process is characterized by

di¤erent stages of development, as well as di¤erences concerning their indus-

try sectors. IT intensive industries which are more likely to exist in countries

with high levels of ICT, exhibit di¤erent characteristics than conventional

industries causing heterogeneous e¤ects.

The paper is organized as follows. Section 2 presents the methodology

and the data sources and section 3 the estimation results. Section 4 presents

some speci�cation tests and last section concludes.

2 Methodology and Data Sources

In this section we brie�y present the nonparametric techniques that we use to

investigate possible nonlinearities between economic growth and initial per

capital income, human capital and information and communication tech-

nology capital. Nonparametric regression assumes little about the shape

of the regression function beyond some degree of smoothness. The value

added of nonparametric techniques is their ability to deliver estimators and

inference procedures that are less dependent on functional form assumptions

(see Yatchew (1998)). Unfortunately, nonparametric methods also have im-

portant drawbacks that are not present in parametric analysis. These the

"curse of dimensionality" and the need to select a smoothing parameter.

Perhaps the most severe complication in a purely nonparametric ap-

proach is the "curse of dimensionality". Every estimation method has some

costs associated with it and, in the case of nonparametrics, it is the need for
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very large samples if an accurate measurement of the unknown (regression)

function is to be made. Moreover, the size of the sample required increases

rapidly with the number of variables involved in any relation. Such fea-

tures lead to the proposition that one might prefer to restrict some variables

to have a linear impact while allowing a much smaller number to have a

nonlinear one. E¤ectively estimation involves a combination of parametric

and nonparametric methods, leading to the estimators being described as

semi-parametric.

In order to provide tractability and to overcome the so-called "curse of

dimensionality", nonparametric techniques typically impose some structure

on the functional form to be estimated. The objective is to estimate the

regression function:

yit = xit� + �(zit) + �it (1)

given data for y, and where xit is a variable of dimension q, � is a q � 1
vector of unknown parameters, zit is a continuous variable of dimension p,

�(:) is an unknown function, E(�it=xit; zit) = 0, and V ar(�it=xit; zit) = �2"
where �2" = V ar(yit=xit; zit). Robinson (1988) provided a way of obtainingp
n consistent estimator of the parameter vector � by concentrating out

the in�uence of the nuisance variable z by conditioning on them. Fan,

Li and Stengos (1995) derive a
p
n consistent estimator of � allowing for

heteroskedastic disturbances. However, such an approach although very

useful if one were interested solely in the parameter vector �, conceals the

in�uence of the z in the regression function. For the problem at hand, there

are several ways by which one can approximate the regression function �(z).

Here, following previous researchers we employ the Partially Additive Linear

model, estimated via marginal integration.

2.1 Marginal Integration and the Partially Additive Linear
(PLR) Model

If one wants to uncover the shapes of the individual components of z (in order

to investigate whether nonlinearities exist) it is necessary to impose more

structure on the equation to be estimated assuming an additive structure of

the unknown components. Yatchew (1998) notes that an additive structure

tackles the curse of dimensionality problem and it is more e¢ cient than a

general nonparametric structure. For the growth regression model in (1)
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we allow several variables (z0s) to enter nonlinearly including the variable
of interest - ICT capital growth rate- as well as initial income and human

capital. In general, the PLR model can be written as:

yit = xit�+�(z1it;z2it;::;zpit)+"it = xit�+

pX
`=1

�`(z`it)+"it; i = 1:::N; t = 1:::T

(2)

Linton and Nielsen (1995), and Fan et al. (1996) use marginal integration1

to estimate the components of the additive semiparametric partially linear

regression (PLR) model in (2).

Applying marginal integration to the additive PLR model, leads to the

result that the asymptotic distribution of (b�s(zs) � �s(zs), s = 1:::p) is the
same as if the other components �l(:) for l 6= s and � were known. In other
words b�s(zs) behaves the same way as if it were a one-dimensional local
nonparametric estimator. This is one of the strongest arguments in favor

of this method (it amounts to a model with only one nonlinear explanatory

variable) against the more traditional nonparametric estimation methods

such as nonparametric least squares. In addition, the additive semipara-

metric PLR allows for a separate treatment of the individual �s(zs) compo-

nents, and for their graphical representation and their respective pointwise

95 percent con�dence intervals to serve as a diagnostic tool to establish any

nonlinearities in the shapes of these components. The linear benchmark can

be compared to the additive semiparametric PLR and in the case where the

linear benchmark lies outside the con�dence bounds there is direct evidence

of a nonlinear structure not captured by the linear benchmark model.

2.2 Empirical implementation and Data Sources

Following Kalaitzidakis et al (2001), we begin our analysis by applying mar-

ginal integration to the following PLR model,

yit = a0+
N�1X
i=1

aiDi+
T�1X
t=1

atDt+a3 ln sit+a4 ln(nit+�+�)+
3X
`=1

�`(z`it)+"it

(3)

where yit refers to the growth rate of GDP per capita in each country and

for each period, Dt and Di are dummy variables for each period and for the

1The symptotic properties of �̂ and �̂s(zs) have been derived by Fan, Hardle and

Mammen (1996).
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countries respectively, sit is the share of output devoted to non-ICT physical

capital accumulation, nit is the the growth of population, � is the rate of

exogenous technological change, � is the depreciation rate for (human, ICT

and non-ICT) capital and z1; z2; and z3 are the logarithms of the per capita

initial income , human capital per e¤ective worker, and ICT capital growth

rate per e¤ective worker; respectively2.

We then proceed to use the semiparametric PLR model that allows �ve

variables as nonlinear determinants of growth. In addition to initial income

(z1) and human capital (z2) we disaggregate the ICT capital (z3) to its

constituent parts, that is (i) Information Technology hardware (IT), (ii)

Communication Equipment (CE) capital and (iii) Software (S) and use their

growth rates in the equation to be estimated.

Equation (3) is estimated using the Gaussian kernel. The choice of band-

width is given by c � sZs �m�1=5; where sZs (s = 1; 2; 3) is the standard

deviation of zs, c is a constant, and m is the total number of observations.

We used cross-validation to select the value of c in the range 0.8 to 2.0. In

addition have calculated 95% con�dence intervals and a linear benchmark

(based on a purely linear speci�cation of (3)) to enable us to evaluate non-

linearities in the relationship between these variables and economic growth.

In situations where the linear benchmark lies outside the con�dence bounds

there is evidence of a nonlinear structure not capture by the model.

2.2.1 Data Sources

The GDP data concerning the growth of real per capita GDP and the initial

GDP were obtained from the World Development Indicators and PennWorld

Tables. For each individual country we have collected annual data, from 1970

onwards, on the growth rate of real per capita GDP used as the dependent

variable in our analysis and GDP per capita from which we constructed the

initial GDP variable. We de�ne the initial per capita GDP to be the per

capita income at the beginning of each 5 year interval period. That is we

use a moving average of 5 years to obtain the initial per capita GDP (i.e.

to obtain the initial per capita income of 1980 we use the data on GDP per

capita from 1975 to 1980, for 1981 we use the data from 1976 to 1981 etc.3).

2For the the theoretical justi�cation of the above model see Mankiw et al. (1992)
3We have also used a moving average of 10 years to obtain initial income. The results

do not change.
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Population data were used in order to obtain nit: To the population growth

we add a constant 0.1 that captures the combined e¤ect of the depreciation

rate and technological change.

The OECD database provides investment data, that covers a wide range

of countries over the period 1980-2004, on IT hardware, Communication

equipment, Non-ICT equipment, transportation equipment, non residential

structures and software. Non-ICT investment data were used to construct

sit. ICT includes IT hardware, Communication equipment and software..

Using a constant depreciation rate (5%), capital stocks are constructed

for each category of ICT investment using the perpetually inventory method.

Therefore, we obtained the IT hardware capital stock, the communication

equipment capital stock and the software capital stock used in the estimation

analysis. To proceed, we aggregate the data to obtain total ICT capital.

The human capital stock data are obtained and updated from Vikram

and Dhareshwar (1993). For a full description of their methodology see

Vikram, Swanson and Dubey (1995). Their data covers the period 1950 to

1990 and they de�ne human capital stock as total mean years education.

We use extrapolation to update the human capital stock up to 2004 since

human capital annual data after 1990 do not exist. For the update of the

data we also take into consideration the human capital stock constructed

by Barro and Lee (2001). However, we can not directly use the Barro and

Lee data for our analysis since their human capital data are calculated in

5 year intervals. We are aware that the extrapolation method may not be

the most appropriate, but we are con�dent that the results obtained using

the updated series would be fairly robust as the human capital stock for

each country, measured as mean years of education, does not change much

throughout the years.

The countries chosen were based on their availability on ICT data as well

as human capital data. The sample includes Austria, Belgium, Denmark,

Finland, France, Germany, Greece, Ireland, Italy, Netherlands, Portugal,

Spain, Sweden, UK and USA for the period between 1980 to 2004.

To sum up, our dataset contains for each country (during the period

1980 to 2004) data on the growth rate of real per capita GDP, the initial

per capita GDP, population growth, ICT capital stock as well as the three

components of ICT, human capital stock and the share of output devoted

to non-ICT.
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3 Estimation Results

We begin our analysis with total ICT capital as the third component of the

additive model4. The estimation results are presented graphically in Figure

1. Figure 1 shows the shapes of the relationship between economic growth

and initial income, human capital and total ICT capital. The �rst graph

shows that, in accordance with previous studies, the logarithm of initial

income has a nonlinear e¤ect on economic growth. In addition, the second

graph shows the relationship between growth and the logarithm of human

capital is nonlinear. Both graphs appear to be consistent with previous

studies like Kalaitzidakis et al (2001) which has shown that the nonlinear

relationship between initial income and growth can be modelled as a fourth

degree polynomial and the nonlinear relationship between human capital

and growth as a third degree polynomial.

Furthermore, Ketteni (2006) has shown that total ICT capital has a

nonlinear e¤ect on total factor productivity growth. This is also veri�ed

here, as it can be seen in the third graph. The third graph shows that the

logarithm of ICT capital has also a nonlinear e¤ect on economic growth.

What we observe from this graph is that the e¤ect for countries with low

levels of ICT capital increases up to a point and then starts decreasing. For

countries with high levels of ICT capital starts increasing again.

To investigate further this point we proceed to break total ICT capital

into its three constituent components and to examine whether each compo-

nent separately has a nonlinear e¤ect on growth, and if not which of the

components is responsible for the nonlinearity appearing in the relationship

between the aggregate ICT capital and economic growth. The three com-

ponents (sometimes used also as measure of information technology capital)

of ICT capital are: (i) IT hardware, (ii) communication equipment (CE)

capital and (iii) software (S). Here we have included all variables, that is,

initial income (z1) , human capital (z2), IT hardware (z3), CE capital (z4)

and software (z5) into the additive model5. The results are presented in

�gure 2.

The results from �gure 2 indicate that the nonlinear relationship be-

4The estimated coe¢ cients and t-statistics (in parenthesis) of the linear part of the

model are �3 = 0:585 (6:20) and �4 = �0:582 (�1:3).
5The estimated coe¢ cients and t-statistics (in parenthesis) of the linear part of the

model are �3 = 0:529 (5:49) and �4 = �0:306 (�1:6).
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tween initial income, human capital and growth still holds. Additionally,

IT hardware, CE capital and software have a nonlinear relationship with

economic growth.

Based on the graphical analysis we can conclude that all three measures

of ICT capital (i.e. IT hardware, CE capital and software) have each a

nonlinear impact on economic growth and there is no single individual com-

ponent responsible for the aggregate nonlinearity of ICT capital. From �gure

2 we can also observe that the nonlinear relationships between IT hardware

and CE capital on the one hand, and economic growth on the other, appear

quite similar. We observe that in countries with low level of IT hardware and

CE capital the e¤ect on growth is smaller and it is increasing in countries

with high levels of both types of ICT capital. A di¤erent picture emerges in

the case of software (see �gure 2). Even though the nonlinearities do appear,

we can see that in countries with low levels of software capital the e¤ect on

growth is increasing, then it remains relatively stable in the middle region

and starts increasing again in countries with high level of software capital.

The graphical analysis with software capital and growth resembles the

graph obtained from using aggregate ICT capital in �gure 1. However, at

high levels of total ICT capital we observe larger increases in the e¤ect on

growth, a fact that can be attributed to all ICT components. Based on the

above analysis we can conclude that IT hardware, CE capital and software

(S) have a nonlinear e¤ect on economic growth and they all contribute to

the overall nonlinear e¤ect of total ICT on growth6.

Following the growth literature it can be seen that nonlinearities and

jumps are quite important in the analysis of technological change. The

nonlinearity appearing in the relationship indicates that the way in which

ICT impacts growth di¤ers across countries (or groups of countries). The

relationship appears to be complex and the e¤ect di¤ers according to a

countrys level of ICT capital. Like in the cross-country regression literature

[see Durlauf and Johnson (1995), Masanjala and Papageorgiou (2004) and

Kourtellos (2003)] parameter heterogeneity may exist in the sense that the

6For robustness checks we have also estimated the additive models including each time a

di¤erent component of total ICT capital. The results appear similar to the ones presented

so far and are available upon request. That is all the relationships appear nonlinear even

in the case where we separate the three components into three di¤erent models instead of

one that includes all. Keep in mind though that this models are not correctly speci�ed

since the other components are omitted from the analysis.
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e¤ect of a change in a particular variable is not the same. Di¤erent coe¢ cient

estimates emerge per country for the e¤ect of initial income and human

capital on growth. This is the case for ICT capital as well. That is, there

exists a di¤erent relationship between growth and ICT capital in di¤erent

countries.

Countries with high levels of ICT capital are more likely to have IT-

intensive industries. As Varian (2001,2003) stated many phenomena, such

as economies of scale and network e¤ects, even though they are present

in conventional industries they are particular important for IT intensive

industries. The di¤erent characteristics in the IT intensive industries may be

responsible for the di¤erent coe¢ cient estimates that emerge in this analysis.

The e¤ect appear to vary and depends on each country�s level of ICT which

is related to its industries.

Another way of stating the above point is to think of nonlinearities as

a simple re�ection of country di¤erences in their timing to the approach to

the steady state. In other words all countries will eventually move from a

low growth state to a high growth state but this will happen di¤erently for

each country. Then, when observed at a given time interval these economies

display di¤erences in their growth characteristics that classify them as poor

or rich due to their di¤erent positions in their transition to a high growth

environment, see Galor (2005). It is the recognition that the growth process

is characterized by di¤erent stages of development that leads to the observed

nonlinearities in the data which simply captures the di¤erential pattern in

the timing of the take-o¤ from stagnation to growth across economies.

4 Speci�cation Tests

In order to verify the appropriate speci�cation of the relationship estimated

we perform, �rst, a speci�cation test proposed by Li and Wang (1998)7.

It tests the null hypothesis of a linear regression model against a PLR

alternative formulation, as in Robinson (1988). The data are given by

fyw; xw; zwgw=1:::N�T which is distributed as an i.i.d. process. The di-

mensions of xw; zw are q and p respectively. The null hypothesis is given

by:

H0 : yw = xw� + zw
 + uw (4)

7See Appendix for construction of test.
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and the alternative by

H1 : yw = xw� + �(zw) + uw

where xw contains all the determinants of economic growth except per capita

income, human capital and ICT capital and zw contains these three vari-

ables. The test statistic is shown by Li and Wang (1998) to have an asymp-

totic standard normal distribution under H0. The value of the Li and Wang

statistic is 3.22 and therefore the null hypothesis of a parametric speci�ca-

tion is soundly rejected. This implies that some nonlinearities do exist in

the model and they should be taken into account.

We proceed to test for a partially linear speci�cation (conditioned only

on three variables, initial income, human capital and ICT capital) against

a general nonparametric alternative. This test is used in order to establish

whether this model is appropriate when compared to the more general one

that conditions upon more explanatory variables and it is a variant of a test

by Fan and Li (1996) and Li and Wang (1998)8. The test statistic follows

an asymptotic standard normal distribution under the null hypothesis. The

test statistic is 1.217, suggesting that the null hypothesis of a partially linear

speci�cation (semiparametric model conditioned on initial income, human

capital and ICT capital) cannot be rejected.

For further robustness we have also performed a number of Wald tests

assuming that the nonlinear relationship between initial income and growth

can be modelled as a higher (fourth) degree polynomial and the nonlinear

relationship between human capital and growth as a third degree one.9. As

in the estimation analysis z1 refers to initial income, z2 to human capital

and z3 to ICT capital. A Wald test (z1; z2 nonlinear v.s. linear) rejects the

linear model in favor of the nonlinear one (the p-value is 0.00001). Therefore,

the relationship between growth and initial income and human capital is

nonlinear and should be taken into account. Next, a Wald test (z1; z2; z3
nonlinear v.s. linear) also rejects the linear speci�cation in favor of the

nonlinear model that includes initial income, human capital and ICT capital

as components of the additive model (the p-value is 0.00001).

8See Appendix for construction of test.
9These degrees of the polynomials have been established as higher order terms were

not signi�cant and they are in agreement with the results of Kalaitzidakis et al (2001).

Also for ICT we use a third degree polynomial.
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Both nonlinear speci�cations are preferred over the linear model. We

then proceed to test which one of the two nonlinear speci�cations is sup-

ported by the Wald test. We have also tested the nonlinear speci�cation

where only initial income and human capital enter nonlinearly against the

case where initial income, human capital and ICT capital are all nonlinear

(z1; z2 nonlinear v.s. z1; z2; z3 nonlinear). The p-value from the Wald test is

0.008, suggesting evidence in favour of a speci�cation where all three vari-

ables z1; z2; z3 enter nonlinearly. That is there exists a nonlinear relationship

between initial income, human capital and ICT capital on the one hand and

economic growth on the other.

5 Conclusion

In recent years economists have questioned whether the accumulation of ICT

capital contributes positively to rising income growth in various countries.

This question has given rise to a vigorous debate among economists. On

the one hand, it is argued that the development of ICT is one of a series

of positive temporary shocks and it has no e¤ect on growth. On the other

hand there is a claim that ICT has produced a fundamental change in the

economy, leading to permanent improvements in growth prospects.

The purpose of this paper is to provide an investigation of the ICT

capital-economic growth relationship, taking into consideration the previ-

ously documented nonlinear relationship between human capital and initial

income on the one hand and economic growth on the other and allowing the

e¤ects of the above variables along with the e¤ect of ICT capital to di¤er

both across each country and also across each time period.

We apply nonparametric techniques that investigate nonlinearities in the

relationship between economic growth and the three measures mentioned

above, for a number of OECD countries for the period between 1980-2004.

The results from the nonparametric approach used show that initial income

and human capital have a nonlinear e¤ect on economic growth. In addition,

there is also a nonlinear relationship between ICT capital and economic

growth. Moreover, when taking into consideration the three components of

ICT capital, i.e. IT hardware, CE capital and software, and re-estimating

the model we observe that the nonlinearities still persist. All three ICT

capital components appear to have a nonlinear relationship with economic
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growth. Speci�cation tests provide evidence in favor of the semiparametric

model in which initial income, human capital and ICT capital enter non-

linearly. Based on the above analysis we can conclude that there exists a

nonlinear relationship between initial income, human capital and ICT cap-

ital (in its constituent and aggregate form) on the one hand and economic

growth on the other.
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Appendix

A. Construction of the Li and Wang (1998) Test

Let bE(yw=zw) and bE(xw=zw) be the non-parametric Kernel estimates of
E(yw=zw) and E(xw=zw) respectively. Under the null hypothesis, E(uw=xw; zw) =

0 for w = 1:::N�T . Therefore, a consistent test statistic can be constructed
based on E fuwE(uw=zw)g since E fuwE(uw=zw)g = E

�
E(uw=zw)

2
	
� 0

and the equality holds if and only if H0 is true.

To obtain a feasible test statistic, we replace uw by buw the least squares
residuals from the linear regression given by the null hypothesis. In that

case E(buw=zw) can be consistently estimated using non-parametric Kernel
techniques. The test statistic is given by:

Jn = n�
p
2 In=

pb

where In = 1

n(n�1)�p
P
w

P
w=j

buwbujKwj ; and Kwj = K(
Zw�Zj
� ) is the Kernel

function, � is the smoothing (bandwidth) parameter andb
 = 2
n(n�1)�p

P
w

P
w=j

bu2wbu2jK2
wj : The test statistic is shown by Li and

Wang (1998) to have an asymptotic standard normal distribution under H0
or Jn~

a
N(0; 1)

B. Construction of the Fan and Li (1996) Test

Fan and Li (1996) argue that if uw = yw�xw���(zw), then E(uw=xw; zw)
equals zero if and only if the null hypothesis is true. Let Ww = (x0w; z

0
w),

where xw and zw are of dimension p and q respectively. It is also true that

E[uwE(uw=Ww)] = E
�
[E(uw=Ww)]

2
	
� 0 and the equality holds i¤ H0

holds. Fan and Li (1996) propose a test statistic for the null based on an

estimator of n�1
P
w
[uwfzw]E[uwfzw=Ww]f(Ww), where fzw = fz(zw), fz(:)

is the probability density function of zw and f(:) is the pdf of Ww.

The estimator of uw bfzw is obtained by a two-step procedure as in Robin-
son (1988) and Fan, Li and Stengos (1995). In the �rst step, we esti-

mate � as b� by semiparametric estimation. In addition we estimate uw
as buw = (yw � byw) � (xw � bxw)0b� the residuals after the semiparametric
estimation where:

byw = [(n� 1)�q]�1
P
j 6=w

yjK
z
wj

bfzw
14



and

bxw = [(n� 1)�q]�1
P
j 6=w

xjK
z
wj

bfzw
in which bfzw is the corresponding kernel estimator of fzw given by bfzw =

1
(n�1)�q

P
j 6=w

Kz
wj , where K

z
wj = K

z[(zw � zj)=�] with Kz(:) being a product

Kernel and � a smoothing parameter.

The term E[buw bfzw=Ww]f(Ww) is estimated by [(n�1)�p+q]�1
P
j 6=w

[buw bfzw]Kwj ,
where Kwj = K(Ww �Wj=h) = K(

xw�xj
h ;

zw�zj
h ), K is a product Kernel

and � is a smoothing parameter. Fan and Li denote their test statistic as

In =
1

n(n� 1)�p+q
X
w

X
j 6=w

[buw bfzw][buw bfzj ]Kwj
De�ne T = n�

p+q
2 Inp
2b� , where b�2 = 1

n(n�1)�p+q
P
w

P
j 6=w

[buw bfzw]2[buw bfzj ]2K2
wj . Us-

ing the above Fan and Li (1996) conclude that T~
a
N(0; 1) under the null

hypothesis. This forms the basis for the following one-sided asymptotic test

for H0: reject the null at signi�cance level �0 if T � Za0 where Za0 is the
upper a0-percentile of the standard normal distribution.
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Fig. 1: Semiparametric PLR model conditioned on

initial income, human capital and ICT capital.
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Fig. 2: Semiparametric PLR conditioned on initial income, human capital, IT hardware, CE capital

and software.
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