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a b s t r a c t
A number of socio-economic factors influence broadband diffusion and are assumed to be
responsible for the different levels of adoption among countries. Most of the approaches met in
literature do not take into account the different stages of the diffusion process and they are
parametric. They are based on the construction and study of econometric models, which
include all the influential parameters. Regression functions are defined prior to the analysis
and they are usually linear in nature. However, this increases the complexity of the system,
since the less influential variables are derived during the final stages of the analysis. On the
contrary, non‐parametric methods can achieve dimension reduction during the early stages,
while they do not require a definition of the regression function.
The present work studies the effect of a wide range of social, economic and political factors
over the broadband diffusion process, following a non-parametric approach and comparing
the results with these of the parametric. Based on criteria from information theory the link
function between the level of penetration and the rest variables is derived, providing highly
accurate results. The evaluation of the methodology was performed over countries from the
wider European area. It is proven that the different stages of broadband diffusion process,
defined by the inflection point, are affected by different factors.
© 2012 Elsevier Inc. All rights reserved.

1. Introduction
The level of broadband diffusion is considered as an important indicator for a country, related directly to its development, due
to the varied capabilities offered by the information and communications technologies [1]. In the area of the European Union (EU)
the different levels of broadband penetration among member countries raise entrepreneur and political considerations. The main
obstacle for a wider and faster broadband adoption used to be the lack of infrastructures or the limitation of transmission data
traffic [2]. EU noticed this necessity and decided to subsidize initiatives regarding the deployment of broadband infrastructures
[3], since infrastructures' competition enhances broadband development [4]. A number of studies were published during the last
years, aiming to understand the development of broadband adoption by revealing common influential factors [5]. The initial
purpose of these researches was the evaluation of the forecasting approach [6–9]. Forecasting methodologies were also used in
order to estimate digital divide convergence among countries. As EU declared an “information society for all” through policy
framework adopting in June 2005 [3], digital convergence became one of the main issues of relevant studies [10].
In line with the early studies regarding the factors fuelling broadband demand among and within countries, a number of social,
economic, demographical and other factors have been extensively studied in literature. These factors are considered as the driving
determinants of the broadband diffusion process. Depending on the factors in each examined case, results provide useful
information to telecom operators and to policy makers for a more effective strategy deployment. Apart from the identification of
the most important determinants, the usage of different statistical analyses and tools could lead to different conclusions as well.
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In addition, results provided by different studies are affected by the time that the corresponding research took place. Due to
the dynamic nature of the broadband diffusion process these results usually reflect only the present situation. Furthermore,
results are depending on the geographic areas considered in each study. Thus, an obvious digital gap is identified among OECD
and European Union member countries, in terms of broadband penetration rate. Despite the renew Lisbon strategy, stated in 2007
and aiming for 30% broadband penetration in EU until 2010, a digital gap among member states still exists [11,12]. Apart from the
level of penetration, differences among countries include, but are not limited to, prices, availability and broadband connection
speeds.
The contribution of this work is, firstly, to use a non-parametric regression in order to identify the a priori unknown nature of
the relation between the dependent and the independent variable. Secondly is to assume that the influence of socio-economic
factors (independent variables) over broadband diffusion (dependent variable) differs during the two main stages of the diffusion
process.
Most of the studies regarding the estimation of broadband diffusion are usually based on an econometric analysis, aiming to
relate diffusion with a number of external factors which are assumed to affect it. The corresponding econometric models are
mainly linear in nature, incorporating either the values of the variables or their logarithms. However, this assumption does not
always hold since in many cases the linear relation between the dependent and the independent variables is not the most
appropriate to describe their dependence, in terms of estimation accuracy. These cases are better to be described by other
functional forms, such as exponential or sinusoid. A very useful tool for identifying the nature of their relation is a non-parametric
method. Non-parametric methods do not require the prior knowledge of the econometric model; the regression function is
constructed during a later step of the analysis. Another benefit of the non-parametric approach is the identification of the less
influential variables, which are excluded from further consideration. The procedure is known as “dimension reduction” and is
performed during the early stages of evaluation of the methodology. This is in contrast to the conventional econometric method,
where possible variable elimination occurs at a final step, according to the derived results.
In addition to the above, most of the analyses focus on describing the total response of the independent over the dependent
variables. For this, they use the available dataset as a whole when evaluating the econometric model. Nevertheless, there is quite
often the case that the data must be clustered, in order to reveal the peculiarities of particular segments and allow important
information to be derived. The main assumption of this work is that the different stages of the broadband diffusion process are
affected by different factors. Therefore, instead of using the whole data to describe the influence of the socio-economic variables
over broadband diffusion, the data are appropriately divided into two groups and two separate analyses are consequently
performed. Data segmentation is performed according to the inflection point of the diffusion process in each country. The data
used in the analysis describe the European area, aiming to build a methodology which consists of two steps.
The first step corresponds to the development of a non-parametric approach aiming to study the driving factors of
broadband diffusion in each stage of the process. In addition to this, dimension reduction is performed, based on sliced inverse
regression — SIR [13].
During the second step, results of the influential variables are evaluated based on appropriate statistical measures. Hence, the
validation of the accuracy of the proposed dimension reduction is provided, without the regression model being specified yet. In
order to identify the models that better describe the diffusion process, local polynomial regression (LPR) has been used. Based on
criteria from the information theory, such as the Akaike information criterion (AIC) [14] and the Bayesian information criterion
(BIC) [15] the best model has been chosen.
The present analysis is based on a large dataset consisting of statistics over a number of European countries. The participating
variables were considered over a prolonged period of time. In addition, the study is conducted at the macro level which means
that results do not reflect specific countries' behavior but the total response. Moreover, separation of the dataset into two groups
is performed based on the inflection point (IP) of the broadband diffusion process in each country. IP provides a crucial turning
point in the evolution of diffusion. Before that point, the parameters affecting broadband penetration are expected to be different
from those after IP, mainly because of the fact that the maturity level is changing. Besides, it seems that different regression
models could be more suitable for describing, in terms of accuracy, the process during its different stages. Estimation of the IP of
each country is based on the non-symmetric Gompertz model [16] and the process is described later in this paper.
Finally, in order to boost the selection of non-parametric approach, parametric regression was also conducted in this work,
allowing the comparison of results. In the following sections the appropriate theoretical framework is presented, together with
the development of the methodology.
2. Background
There are mainly two approaches used regarding the study of the driving factors of broadband adoption. They correspond to
either regression analysis based on statistical data or surveys' outputs based on questionnaires [17].
Most of the existing studies are associated with the OECD countries, probably due to the availability of data. The main
categories of derived statistics are based on social, economic, political, demographical and technological factors [18]. Such kind of
data is used in a number of studies in order to measure the digital divide [19] or to rank countries according to their broadband
performance [20]. Zupan [21] forecasted the maturity of electronic commerce in Slovenia and predicted a rapid growth in the
following years, which is directly related to the corresponding broadband penetration rate. Furthermore, new indexes measuring
broadband in terms of performance, efficiency and adoption level are suggested [22,23]. Nevertheless, indexes are also developed
for policy usage, mainly taking into account liberalization and competition levels [24]. An extensive study was also performed by
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Kum [25], where the effectiveness of governmental intervention in the broadband diffusion process was measured among
developed and developing countries. Stanton [26] focused on the demographic factors that affect the broadband diffusion process,
while in a relative study [27] three pre-specified factors were analyzed aiming to provide policy suggestions. Park and Yoon [28]
showed the impact of both market and technological forces to the broadband diffusion in Korea. The study of Howick and Whalley
[29] emphasized on the understanding of adoption drivers between rural and remote areas in Scotland and suggested that policy
makers should enhance public view about the necessity of broadband usage in both, households and businesses. Lee and Brown
[30] studied the platform competition (i.e. when similar technologies could provide similar services to end-users) and concluded
that competition is positively related to fixed-broadband deployment. Modis [31] investigated the future growth of Internet and
proved that the forthcoming growth is expected to be low, as most of the developed countries have reached saturation levels.
Studies derived from surveys based on questionnaires face the analysis of broadband diffusion in a similar way. Horrigan [32]
performed a national survey in the United States and explained the reasons of slowing broadband adoption, based on a broadband
adoption model. The Office of Technology Policy [33] conducted a survey and found that cost and content, along with convenience
and confidence, are the most important driving factors accelerating broadband demand. Another survey, which was based on
residential data, revealed that income and education tend to become less important in the process of broadband adoption [34].
Hulicki [35] provided an overview of broadband access driving factors, focusing mainly on the technological ones. He suggested
that the digital gap is continuously shrinking and that E-services could be an important factor of the process of broadband
adoption. Stern et al. [36] analyzed a large data set from the wider Australian area and conducted a research based on tree
analysis. They concluded that income should not be considered as a barrier. In addition, they suggested that policy makers and
users should pay attention on the content, as it seems to positively affect broadband diffusion. A recent study based on results
drawn from a survey across 26 countries worldwide shows that almost 80% of adults regard Internet access as their fundamental
right [37]. Finally, in a study conducted for small and medium sized enterprises (SMEs) in Ireland, it is assessed that broadband
adoption is a derivative of ISPs' competition and regional market concentration [38].
It is noteworthy that the idea of dividing a diffusion process in two regimes was also introduced by Vakratsas and Kolsarici
[39], who proposed a dual-market model for the diffusion of new prescription pharmaceuticals. They used a dynamic probabilistic
switch in order to determine a cut-off between different patterns. This approach, although it imposes certain similarities, is not
considered suitable to be applied in the case of technological markets, as they mention themselves. The dual-market hypothesis
assumes that there is no link between the two regimes, i.e. their adoption processes are disconnected. In the high technology
market a single process is assumed to describe the whole diffusion, which is divided into two stages that are not disconnected.
These two stages correspond to two discrete segments on the diffusion curve, separated by the inflection point, which is an
important event of the diffusion process, since it corresponds to the peak of the adoption rate. After this point, the adoption rate
decreases, until it becomes equal to zero and the diffusion cycle comes to its end. Therefore, the inflection point can be considered
as a point where penetration of the new technology has reached a significant level of maturity. Thus, it is important to examine if
the factors that drive the process affect it in the same way before and after that crucial point of maturity.
3. Methodology
In this section the necessary mathematical concepts that are used in this paper are presented, providing an overview of the
two main approaches of regression analysis: parametric and non-parametric. Although the non-parametric regression is adopted
in this work, a parametric analysis is briefly presented as well, in order for the differences of both methodologies to be clear.
3.1. Regression analysis
Regression analysis provides useful information regarding the relationship between a dependent variable Y and a group of
covariates x = (x1, …, xn), X ∈ R p. In statistical literature there are vast studies regarding regression methodologies [40,41].
However, in the cases where the dataset consists of many variables or long data series, parametric regression could lead to
misunderstandings and false conclusions, due to the high complexity of the constructed system. The general form of the
considered model is presented in Eq. (1):

BroadbandPenetration ¼ f

social; economic; political;
demographic; technological


þ εit :

ð1Þ

The physical meaning of the above Eq. (1) is that there is a response, dependent variable (Broadband Penetration in this case),
which is related to a number of independent variables, through a link (or regression) function, f, which can be linear or non-linear
in nature.
There are two major approaches which utilize Eq. (1), aiming to describe the system dynamics and identify the underlying
relations. They are known as “parametric” and “non-parametric” regression, respectively. In many real‐world problems the
response variable depends nonlinearly on the explanatory variables (i.e. the link function f of Eq. (1) is non‐linear). In some of
these cases of non-linear regression functions, the form of the non-linear function is defined prior to the analysis and is
parameterized in terms of “basis” functions. For example, polynomial regression is a form of linear regression in which the
relationship between the independent and the dependent variables is modeled as an nth order polynomial and the process seeks
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to determine the coefficients of the polynomial. These types of regression are known as parametric regression, since they are
based on models that require the estimation of a finite number of parameters.
However, there are many cases that the functional form is neither known nor can be safely assumed and thus it cannot be
parameterized in terms of any basis functions. In these cases a non‐parametric approach is employed in order to determine the
link function.
Both approaches (parametric and non-parametric) are described below and, as mentioned before, their main difference lies in
the prior knowledge or definition of the link function, f. More specifically, in the classical parametric approach the regression
function between the dependent and the independent variables must be explicitly defined prior to the conduction of the
statistical analysis. Such functions are usually described by linear, exponential, logarithmic or any other functional formulations.
Linear regression, possibly with transformed variables, has been the method of choice for a long time [42]. It has the advantages
that the parameters are easy to compute and easy to interpret. The main drawback is that the assumption of a linear model is a
strong one. To overcome this, polynomial regression could be used, but the relationship among the variables may not be
approximated well by a polynomial of low degree, and a polynomial of high degree may introduce a problem of overfitting.
Transformation of variables, such as the Box–Cox transformation, is an alternative approach but may still result in lack of fit.
Generalized linear models (GLM) have gained popularity, mainly due to their flexibility to incorporate discrete variables and
their feasibility. However, these models typically require the specification of the link function, in addition to either the likelihood
or the variance specifications.
On the other hand, non-parametric regression overcomes these constraints, since it does not require the prior knowledge of
the regression function. It mainly targets into the estimations of the coefficients of the variables and dimension reduction, without
relying on the knowledge of the link function, which is constructed in a later step based on a local smoothing procedure.
In the context of this work the non-parametric approach is compared with the parametric for the needs of the analysis. The
objective of using a non-parametric technique is to provide an alternative to the parametric approach, where the link functions
are predefined (they are usually assumed linear). This simplified assumption makes the parametric analysis a widely used tool.
Parametric methods make more assumptions than the non-parametric. If these assumptions are true the parametric methods can
produce quite accurate estimates, a fact that partially explains the popularity of the method. However, if the assumptions are not
correct, parametric results can be quite inaccurate. The formulation of the parametric models is usually simpler to develop and
easier to compute, without the need of special statistical software, while the non-parametric approach includes calculations that
require the use of appropriate software and computational effort. In addition, parametric techniques are more flexible than the
non-parametric, since the former can describe a greater range of interactions between variables. Finally, non-parametric tests use
less information available in the statistics than the parametric ones, where ordinal information is commonly used [43].

3.2. Parametric approach
The classical econometric method corresponds to the parametric approach introduced above. In order to evaluate the
performance of the proposed methodology, a conventional regression analysis is also conducted in order to be used as a
benchmark, in terms of the corresponding results. The analysis is performed by employing a number of models based usually on
either linear or logarithmic functions, as Eqs. (2) and (3) show.

Broadband Penetrationj;t ¼ β0 þ

n
X

βi xj;t;i

ð2Þ

i¼1

n




X
ln Broadband Penetrationj;t ¼ β0 þ
βi ln xj;t;i

ð3Þ

i¼1

where i denotes the i-th considered parameter (out of the n), at time t and for each country, j.
The level of statistical significance is determined by the calculated variables' correlation, p-values and t-tests. In addition, the
effectiveness of a model is determined by relevant statistical measures, such as R 2, mean squared error, etc.
The above formulations aim to reveal the relationship between the dependent variable, which in the studied case is broadband
penetration, and the group of covariates which consist of all the considered factors. Through the analysis, the important factors
are divulged, providing useful information towards the explanation of broadband Internet diffusion. Such kinds of studies are
conducted seeking to reveal the differences of either among the countries or within the boundaries of a single country. The
differences in social, economic, political etc. background could lead to different conclusions regarding broadband proliferation,
based on the factors taken under consideration each time.
Finally, the logarithmic transformation of the data is adopted in many cases, in order to reduce the dispersion among statistical
data and improve interpretability, as some of them are expressed in percentage (e.g. broadband penetration) and some others in
absolute numbers (e.g. population). These approaches are based on the hypothesis that all considered variables contain useful
information. However, it is quite possible that the precision and the accuracy of results deteriorate, due to the number of
irrelevant regressors included as part of the analysis.
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3.3. Non-parametric approach
The main advantage of non-parametric regression and dimension reduction is related to the fact that among a number of
considered parameters, the most crucial influential factors are revealed during the early stage of the analysis and thus the
irrelevant ones are excluded from further consideration. This reliefs the complexity of the system and allows to study the factors
that have an important effect over the process. Moreover, the link function between response and the independent variables is not
subjectively predetermined but is derived by adopting a theoretical approach, such as sliced inverse regression. In this way, the
bias of explicitly setting the link function is suppressed, as the latter is determined following an appropriate statistical analysis.
Nonparametric regression analysis traces the dependence of a response variable Y on one or several predictors Xi without
specifying in advance the function that relates the response to the predictors, which is constructed based on the information
carried by the data. It is distinguished from linear regression, in which the function relating Y to the Xis is linear in the
parameters
′

′

′

Y ¼ b 0 þ b1 X 1 þ … þ bk X k þ ε
and from traditional nonlinear regression, in which the function, f, which relates Y to the Xis, though nonlinearly in terms of its
parameters, is explicitly specified:


′
′
Y ¼ f X 1 ; …; X k ; b1 ; …; bk :
In traditional regression analysis, the objective is the estimation of the model's parameters, whereas in nonparametric
regression the objective is the estimation of the parameters and the form of the regression function, f. In addition, non-parametric
analysis seeks to achieve dimension reduction, by excluding some of the examined variables, without losing information.
Typically, non‐parametric analysis consists of the following discrete steps:
• Sliced inverse regression (SIR), in order to achieve dimension reduction
• Local polynomial regression (LPR) with a Kernel smoothing, in order to derive information regarding the shape of the regression
function f
• Application of appropriate information criteria, such as the Akaike information criterion (AIC) and the Bayesian information
criterion (BIC), for selecting the most appropriate function, among the pool of the candidate ones, that best describes the data.
The above introduced steps of non-parametric analysis are described in the following paragraphs.
3.3.1. Sliced inverse regression — SIR
SIR is based on the framework proposed in [44] who considered the following model:


′
′
Y ¼ f b1 X 1 ; …; bk X k ; ε

ð4Þ

where f represents the unknown link function and ε the error, which is assumed to be independent of the Xis. The main advantage
of this methodology is its ability to estimate the direction vector of the parameter b′ without knowing the shape of f, which is
estimated at the next step.
The SIR algorithm is designed to determine the k-dimensional subspace that includes all the necessary information regarding
the link function between Y and the covariate Xi. The k-dimensional space spanned by the k vectors is called the effective
dimension reduction (e.d.r.) space and any vector in this space is referred to as an e.d.r. direction. The primary goal of this
approach is to estimate the e.d.r. directions so that one can plot Y against the e.d.r. variates for the visual exploration of the
regression structure. This would allow the effective application of various low-dimensional regression techniques to the reduced
space.
A typical algorithm implementing the SIR is described below:
• Let (y1, x1), …, (yn, xn) be the original data set with (p + 1) variables and n observations. Table 1 provides an example of such a
dataset.
• Sort the data by Y.
Table 1
Sliced inverse regression — SIR.
Y1
Y2
Y3
Y4
Y5
…
Yn

x1(=(x11, x12,……., x1p)′)
X2(=(x21, x22,……, x2p)′)
X3(=(x31, x32,……, x3p)′)
X4(=(x41, x42,……, x4p)′)
……………….
…………………
xn(=(xn1, xn2, … …, xnp)′)
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• Divide the data set into H slices as equally as possible. Let nh be the number of cases in slice h.
• Within each slice, compute the sample mean of x, xh ¼ n−1
h ∑ðiÞ∈slice h xðiÞ :
H
^ ¼ n−1 P n ðx −xÞðx −xÞ′ . In
• Compute the covariance matrix for the slice means of x, weighted
by the slice sizes: Σ
n
h h
h
n
P
h¼1
the last equation x is the mean of the whole
sample x ¼ n−1
xi :
n
^ ¼ n−1 P n ðx −xÞðx −xÞ′ :i¼1
• Compute the sample covariance for xi's Σ
x
h i
h
^ with respect to Σ
^ β
^ : ^ β
i¼1
^ iΣ
^
^ ^ ^
■ Find the SIR directions by conducting the eigenvalue
decomposition of Σ
n
x
x i λ i ≥λ 2 ≥……≥λ p .
Σn ^ i ¼ λ
^ is called the i‐th SIR direction. The first few SIR directions can be used for dimension reduction.
The i‐th eigenvector β
i
^ ′ x is called the first SIR
■ Project x along the SIR directions; that is, use each SIR direction to form a linear combination of x. β
1
′
^
variate, β 2 x the second SIR variate and so on.
■ Plot of Y against the SIR variates. These 2-D or 3-D plots offer a graphical summary useful for revealing the regression
structure.
3.3.2. Local polynomial regression — LPR
LPR is a generalization of local mean smoothing. Instead of fitting a local mean, one fits a local pth-order polynomial.
Calculations for local polynomial regression are naturally more complex than those for local means, but local polynomial
smoothing methods have better statistical properties. The basic idea is to partially approximate the dependent variable Yi, using a
specific bandwidth and based on a formulation as the following:
 
 
 
Y i ¼ a þ f 1 xi;1 þ f 2 xi;2 ; :::: þ f k xi;k þ εi :

ð5Þ

Kernel-based methods are most popular non-parametric estimators, since they can uncover structural features in the data
which a parametric approach might not reveal [45], and consists of applying a function, known as the kernel, to each data point in
the time-series. The approach is nonparametric, in the sense that it does not assume a fixed structure associated with the data.
Kernel smoothing belongs to the class of weighted moving averages, which means that all the points in the time-series are
weighted using as weights the results of the computation of the Kernel function. Every Kernel function has the following
properties:
• All kernel values are positive or zero.
• The kernel functions are normally symmetric.
• Kernel function values decrease to zero from a central (maximum) value.
Among the most widely used Kernel functions are the normal (Gaussian) and the Epanechnicov, which are applied in the
evaluation of the proposed methodology.
The importance of using smoothing techniques is that statistical analyses often aim to generalize small, individual datasets to
large, general populations. Therefore, it is often desirable to “smooth” the data, changing a rigid histogram into a curve.
Nonparametric kernel smoothing does exactly this by applying a kernel function to the dataset. Plotting of the regression
(smoothed) line of the density function will allow for the inspection of how the density estimation transformed the shape of the
original data. As a next stage, the regression line is used to determine a pool of candidate functions that could fit the data. The
selection of the most appropriate function is based on an information criterion, such as AIC and BIC (Eqs. (6) and (7), respectively)
[15,46], applied over the candidate functions.
AIC ¼ 2k þ n½ lnðRSS=nÞ

ð6Þ

  k
2
BIC ¼ ln σ ε þ lnðnÞ
n

ð7Þ

The model that is finally chosen to describe the process is the one that has the lowest value in each of the above criteria. The
performance of Kernel smoothing is evaluated based on appropriate statistical measures, such as the mean integrated squared
error (MISE) or the asymptotic mean integrated squared error (AMISE).
4. Steps of the analysis
In accordance to the concepts presented in the preceding sections, the following paragraphs describe the steps of the analysis
performed. Thus, the problem faced in this study is the influence of social, economic and other parameters over the diffusion of
broadband connections, described by data from the wider European area.
The discrete parts of the analysis are the following:
• Determination of the relevant social, economic and other parameters and data collection for each considered country, from
Eurostat's database.
• Estimation of the IP of each country is based on the non-symmetric Gompertz model according to the following procedure:
based on the existing diffusion data, for each country, the Gompertz model [16] was trained, using non‐linear squares (NLS).
This procedure concluded with the estimation of the diffusion parameters, i.e. the diffusion rate and the saturation level, for
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each country. Following this, the inflection point is calculated at the 37.79% of the estimated saturation level, as derived from
the formulation of the model.
Division of the data into two groups, based on the estimated inflection point of the diffusion process, for each country, according
to the procedure described in the previous step. Diffusion data that have lower values than the inflection point are collected into
the first group, while the rest are collected into the second. In addition, there is a third group which consists of the whole
dataset which is also analyzed, mainly for comparison reasons.
Application of the sliced inverse regression (SIR) algorithm for all three groups. This will result into the identification of the
most influential parameters and the exclusion of the less relevant ones, leading to dimension reduction with no loss of
information.
Application of a Kernel smoothing technique, in order to reveal the behavior of the dependent against the independent
variables. This will serve as a driver for the construction of the pool of the candidate link functions.
Application of the AIC and the BIC over all of the candidate functions, in order to conclude to the link function that best describes
the modeled system, in terms of appropriate statistical measures.
All the above steps are applied and discussed in the following subsections.

4.1. Selection of parameters and corresponding data
During this step of the analysis the socio-economic factors assumed to affect broadband diffusion are identified and data were
extracted from Eurostat's database [47]. These statistics correspond to the national total of social, economic, demographic and
political factors available. They were also cross-checked with subscription data published by the OECD [48]. Descriptive statistics
of the datasets used are presented in Appendix A.
The selection of the influential parameters to be included in the model was based on the existing results of the relevant
literature and some conceptual arguments. Economic factors, such as GDP per capita and Price, are considered in the analysis, as
they have been proven among others in [25,33,34], to promote the adoption of new technologies. GDP per capita is expressed on a
logarithmic basis in order to eliminate deviation among values. Income inequality (Ineq) is also considered in order to better
describe the impact derived from economic factors. Ineq can describe the effect of income on broadband diffusion better than GDP
per capita as it reflects the distribution of income and not just an average depending solely on population. Governmental
intervention seems to influence broadband penetration as well [5,18,25]. The impact of public practices can be reflected by
E-government online availability (E_gov), information technology expenditure (IT_exp) and communications expenditure
(Com_exp). Although IT_exp and Com_exp are directly related with the above intervention, they are also referred to technological
factors. One more technological factor, i.e. using PCs connected to the Internet (Us_PC), is considered in the analysis, which is also
linked to economic issues. According to other studies [26,27], demographic factors including Age and population density (Dens)
seem to influence broadband diffusion. In addition, education level, such as School and tertiary graduates in science and
technology (S&T) are related with the development of broadband penetration [32]. Furthermore, the effective use of new
technologies requires the acquisition of certain skills, i.e. Internet skills (Int_sk) and computer skills (PC_sk) [49]. Finally, the
technological maturity of a country, as described by the corresponding factors of human resources in science and technology (HR)
and E-commerce (E_com), reveals its relevance with new technologies [21,28,50].
The broadband penetration, expressed in percentages, describes the number of dedicated, high-speed connections (with a
capacity equal to or higher than 144 kbits/s) per 100 inhabitants. Various technologies are covered; ADSL, cable modem as well as
other types of access lines.
Table 2 illustrates the factors that have been considered in the context of the present study, with a short description of them.
Table 2
Parameters and short description.
Parameters

Description

GDP
HR
E_gov
S&T
Us_PC
Ineq
Age
School
E_com
IT_exp
PC_sk
Int_sk
Price
Com_exp
Dens

Gross domestic product per capita (in €)
Human resources in science and technology as a share of labor force
E-government online availability — percentage of online availability of 20 basic public services
Tertiary graduates in science and technology per 1000 of population aged 20–29 years
Persons employed using computers connected to the Internet
Inequality of income distribution — income quintile share ratio
Proportion of population aged 25–49
School expectancy — expected years of education over a lifetime
Individuals using the Internet for ordering goods or services — percentage of individuals aged 16 to 74
Information technology expenditure as a percentage of GDP
Individuals' level of computer skills — percentage of the total number of individuals aged 16 to 74
Individuals' level of Internet skills — percentage of the total number of individuals aged 16 to 74
Price of telecommunications — local calls (10 min)
Communications expenditure as a percentage of GDP
Population density
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It should be stated that the country-level panel data correspond to the total, average response of each country and they do not
take into explicit account the possible country specific heterogeneity. This would indeed be an interesting future extension of the
proposed approach, provided that the appropriate data are available.
Following that, a correlation analysis was performed over the data in order to conclude the factors that should be considered in
the econometric analysis. Multicollinearity was tested by performing bivariate correlations and specifically two-tailed Pearson
analysis. The threshold was set to a value of about 75% correlation and variables showing a correlation above that value were
excluded from further consideration. Despite the fact that they could carry information regarding the diffusion process, they
present a high level of correlation with other independent variables and had to be excluded, in order to avoid redundancy and
biasness. More specifically, these variables are human resources in science and technology (HR), individuals using the Internet for
ordering goods or services (E_com) and information technology expenditures (IT_exp).
The dataset, that the analysis was based on, consists of cross-sectional, time-series data, over 26 European countries. More
specifically, semiannual data were used, starting from the second semester of year 2001 up to December 2009, for all countries.
Before the analysis a first-order autocorrelation test was conducted for the whole dataset and results indicated a strong
autocorrelation of 0.820. For this reason and in order to remedy autocorrelation effects, the second-order autocorrelation test was
conducted. The corresponding value was 0.636, which was considered borderline acceptable. Therefore, in addition to this and in
order to remove any possible autocorrelation effects, the regression was performed after a dataset transformation, based on the
generalized differences [51]. Thus, the final dataset consists of annual transformed data on which autocorrelation is very low
(0.237).
4.2. Diffusion process stages and data separation
The next assumption was to consider the influential effect of the factors that result to a diffusion process which does not
remain constant throughout its whole cycle but changes during its different stages. In this context, certain points of time, which
correspond to crucial turning points of the diffusion process, have a significant importance in the analysis; one of these being the
inflection point. This is the time when the market potential (the adoptions per time unit) has reached its maximum value and
from that point on is expected to decline. A common approach in similar studies is to consider the available data and factors as a
total, resulting into identifying their influence over the diffusion process as a whole. However, this is not appropriate for
identifying the effects of the factors during the different stages of the diffusion, especially before and after the inflection point. The
point of inflection is quite important and it is related to different policies and managerial decisions that should be considered. For
example, Netherlands reached IP in 2004 (Q4) when the penetration rate was 14.7%, while the respective rate for Norway was
15.7% in 2005 (Q4). On the contrary, it is estimated that Greece and Latvia reached their IP in 2008 (Q2) and 2007 (Q2)
respectively when the corresponding penetration rates were 9% and 9.2%.
Thus, in order to identify the driving factors of broadband diffusion during these two discrete stages of the process, data were
split into two parts, corresponding to the stage before and after the inflection point, respectively. Two analyses were consequently
performed, based on these two datasets and for comparison reasons the whole dataset was also analyzed.
4.3. SIR and dimension reduction
This step corresponds to the application of the sliced inverse regression (SIR) methodology for estimating of the model's
parameters and performing dimension reduction.
Application of the SIR algorithm described in the previous sections resulted into the calculation of the system's corresponding
eigenvalues and eigenvectors. None of the eigenvalues were equal to zero, although only the first ones turned out to be the most
significant.
After estimating the SIR variates, the t-ratios for each of the considered factors are calculated [52]. The SIR variates are suitably
transformed according to the estimated eigenvectors and dimension reduction is performed based on the first, most important,
eigenvalues, which are presented in Table 3.
4.4. Local polynomial regression and information criteria
After applying the SIR, in order to identify the most important factors by performing dimension reduction, local polynomial
regression with a kernel smoothing is conducted, seeking to identify the form of the link function. As bandwidth selection bears
Table 3
Eigenvalues for the three datasets.
Eigenvalues

Whole
After IP
Before IP

1st

2nd

0.754
0.757
0.713

0.273
0.419
0.196
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danger of over or under smoothing results, different bandwidths were tested in order to perform Gaussian and Epanechnikov
Kernel smoothing analyses. The identification of the regression function is based on the last step of the previously introduced SIR
algorithm and it corresponds to the plotting of Y against the SIR variates, seeking for a graphical summary, useful for revealing the
regression structure.
According to the regression results, certain families of functions can be determined by the visual inspection of the smoothed
line. It is often the case, that different functions can describe the diffusion process more accurately in its various stages. Thus, it
would not be appropriate to arbitrarily select a function to describe the whole process, since this would probably lead to
inaccurate results. In order to conclude to the most accurate candidate function, the values of the expressions of AIC and BIC are
calculated. The analysis is conducted for the first two eigenvalues, although the results of the larger eigenvalues for the three
datasets (whole, after IP and before IP) are only presented. This is because both the AIC and the BIC calculations based on the
second best eigenvalues assessed the less significant outputs.
5. Results
This section is devoted to the presentation of the results, which were derived following the application of the methodology
described above. According to these results, the exponential model provides a better fit in almost all of the evaluated cases.
Therefore it provides a better description of the examined system, than the linear function that would be constructed following a
conventional econometric analysis.
Corresponding results are presented in Table 4, for the three datasets (the whole dataset — whole, after the inflection point — after
IP and before the inflection point — before IP). The first line of each variable contains the value of the parameter and the second (in the
parenthesis) the value of the t-ratio. Numbers in bold indicate that the corresponding parameter turned out to be statistically
important, based on the calculation of the t-ratio (at the 95% level of confidence).
The highlighted factors that are above the critical value of t-ratio (1.96) at the 95% level of confidence are statistically
significant. Depending on the dataset they are four or six. However, the determination of the significance of factors based solely
on the t-ratios could lead to the omission of influential factors, due to their statistical insignificance. Therefore, in order to
accurately identify the significant determinants, the set of considered factors are sorted based on absolute values of t-ratios and
this ranking allows the consideration of twelve candidate models. For each of these models application of sliced inverse
regression led to the estimates and the link function gk(k = 1, … 12) was then obtained by applying the local polynomial
regression. The k-th model is made up of the factors with the k higher t-ratios. Eventually the model with the lowest AICC is
chosen as the ultimate solution [52,53].
As mentioned earlier, the construction of the pool of candidate link functions is based on the provided regression line. It is
apparent that a link function, based on the plots of the SIR variants (the linear combination of the parameter values multiplied by
Table 4
SIR results for the three datasets.

GDP
E_gov
S&T
Us_PC
Ineq
Age
School
PC_sk
Int_sk
Price
Com_exp
Dens
t-Statistics are in parentheses.
⁎
p b 0.05.
⁎⁎
p b 0.01.
⁎⁎⁎
p b 0.001.

Whole

After IP

Before IP

−0.275
(−1.242)
0.022⁎⁎⁎
(8.699)
−0.019
(−1.637)
0.052⁎⁎⁎

−0.298
(−0.885)
0.015⁎⁎⁎
(3.794)
−0.019
(−1.088)
0.076⁎⁎⁎

−0.229
(−0.650)
0.026⁎⁎⁎
(5.170)
−0.042⁎

(5.577)
0.108⁎
(2.339)
−0.036
(−1.004)
−0.032
(−0.645)
0.017
(1.199)
0.006
(0.723)
−0.118
(−0.293)
−0.161
(−1.497)
0.001⁎⁎⁎
(3.688)

(5.913)
0.048
(0.610)
−0.054
(−1.190)
−0.041
(−0.595)
−0.021
(−0.727)
−0.017
(−1.116)
−0.118
(−0.187)
0.320⁎

(3.525)
0.130
(1.804)
−0.075
(−0.975)
−0.138
(−1.384)
0.004
(0.211)
0.042⁎⁎
(2.947)
−1.003
(−1.543)
−0.532⁎

(2.148)
0.001⁎⁎
(2.793)

(−2.372)
0.058⁎⁎⁎

(−2.587)
0.002⁎⁎
(2.963)
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their corresponding weights), could be arbitrarily considered, which would sometimes indeed coincide with the link function
selected based on Kernel smoothing and local polynomial regression. However, the arbitrary selection of the link function could
impose objectivity and bias and should be avoided. Despite that in the present case study the selected function may be easily
identified by visual inspection of the plots of SIR variants, this is not always the case.
Using the first, most significant, eigenvalue, the plots of the actual broadband penetration against the SIR variants are created.
Application of local polynomial regression resulted in a smoothed line which implies two families of link functions (among the
families of simple functions) that could describe broadband diffusion better: the linear and the exponential.
The lowest AICC values emerged for the first seven and eight parameters for the after-IP and before-IP datasets, respectively,
with the exponential link function. Thus, it can be assumed that all these variables are important for broadband penetration and
despite the statistical insignificance are worth to be included in the analysis. Results illustrated in the figures below (Figs. 1–4)
refer to the models with the lowest AICC. More specifically, for the after-IP dataset, the parameters considered, in order of
importance, are Us_PC, E_gov, Dens, Com_exp, Age, Int_sk and S&T. The corresponding parameters for the before-IP dataset are
E_gov, Us_PC, Dens, Int_sk, Com_exp, S&T, Ineq and Price.
In order to conclude the link function that better describes the data, the AIC and BIC criteria for the linear and the exponential
functions are calculated and results are presented in Table 5.
It seems that the exponential model has the lowest values, in both criteria (AIC and BIC). Therefore, it is considered as the most
appropriate function to describe the broadband diffusion process in the majority of the cases.
According to the obtained results it is obvious that the estimated influential factors vary, depending on the maturity level of
broadband penetration in both the order of importance and in the sign. There are three factors that must be certainly regarded as
facilitators in broadband diffusion. More precisely, these are E-government online availability (E_gov), employees using
computers connected to the Internet (Us_PC) and population density (Dens). Despite the fact that income inequality (Ineq) seems
to be a driving factor for the whole dataset, further analysis over the before and after the inflection point datasets, revealed that
Ineq turned out to be an influential parameter only for the first stage of broadband diffusion i.e. before-IP.
The results corresponding to the data after the inflection point showed that Us_PC, E_gov, Dens and Com_exp are the dominant
factors in the diffusion of broadband services. All these parameters have a positive relationship with broadband penetration.
Us_PC seems to enable further use of broadband services. In fact, all parties involved in an economy, such as government,
businesses and individuals, could incorporate the opportunities derived from broadband use and enhance their comparative
advantages by exploring the benefits offered by new technologies. In addition, governmental practices should have a direct
application to the use of new technologies and for this reason E-government online availability must be constantly updated.
Population density (Dens) turned out to be significant in the process of further broadband diffusion. In urban areas both the easier
development of infrastructures promoting broadband access to inhabitants and the network effects are the main reasons for a

Fig. 1. Gaussian Kernel smoothing with bandwidth 0.8 — after IP.
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Fig. 2. Epanechnikov Kernel smoothing with bandwidth 0.8 — after IP.

higher level of broadband diffusion. Moreover, Com_exp seems to enhance broadband penetration as it referred to investments
made for the development of the communications sector which is in turn directly linked to the broadband diffusion. Such kind of
expenditures could be the deployment of networks or the subsidization of telecommunications services.

Fig. 3. Gaussian Kernel smoothing with bandwidth 0.8 — before IP.
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Fig. 4. Epanechnikov Kernel smoothing with bandwidth 0.8 — before IP.

It should be also noted that the coefficient signs carry important information regarding the considered determinants. For
example, the variable Age, which according to the above analysis seems to influence the process of further diffusion, is negatively
related with broadband penetration. It is assumed that the age group 24–45 years belongs to the most potential users of
broadband services. However, as the broadband penetration level among that group of age increases, the pool of potential
broadband users is running out. Additionally, Internet skills (Int_sk) showed a negative sign as well. This may imply that after the
inflection point, these skills are obsolete or taken for granted, indicating a certain level of technological maturity in a society.
Finally, the sign of the considered proportion of graduates in science and technology (S&T) remains always negative. However,
the negative influence on broadband penetration after-IP was limited according to the value of the coefficient.
The before the inflection point results, indicate that there are five facilitators regarding broadband diffusion and three barriers.
These factors are E_gov, Us_PC, Dens, Int_sk and Ineq as facilitators and Com_exp, S&T and Price as barriers. Apart from the three
common factors (E_gov, Us_PC and Dens) Int_sk are positively related with the broadband diffusion in the dataset before the
inflection point. It seems that, as the broadband penetration level exceeds the inflection point, skills related to the diffusion of
broadband services have reached a desirable or required level as well. For this reason, government interventions should focus on
the enhancement of digital literacy such as internet skills. Thus, policy makers can give incentives to further use of new
technologies, through the educational system which is mainly determined by them. According to the results, income inequality
facilitates the adoption of broadband services in the first stage of diffusion. Not surprisingly, GDP per capita cannot be assumed as
a driving factor as it reflects the average income of the population. On the contrary, Ineq refers to income distribution and
concentration which means that broadband services could be prohibitive during the first stage of broadband development.
Moreover, the rapid growth of technology caused an increase in graduates in science and technology. However, in the years
that correspond to the dataset before-IP (approximately from 2001 to 2004) graduates cannot exceed market needs and this is
the reason why S&T has a negative effect on the diffusion process. Moreover, Com_exp has a negative influence on broadband

Table 5
Results of AIC and BIC criteria.
Non-parametric results
After IP

AIC
BIC

Before IP

Linear

Exponential

Linear

Exponential

267.012
2.989

263.975
2.957

184.433
1.994

180.113
1.950
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penetration process as well. In other words, few investments during the early stages of broadband development are an obstacle
for rapid diffusion. In accordance with this, in the after-IP dataset, Com_exp has a positive influence in the diffusion of broadband
services. Finally, Price seems to be an obstacle for the early adoption of broadband services. This is mainly due to the higher prices
of such kind of services in the first years of launch, before the development of both the technology and competition led to lower
cost.
In order to verify the results provided by the non-parametric analysis and enhance the selection of exponential approach,
Table 6 presents a comparison between actual and estimated broadband penetration, for some of the considered countries.
As observed, the exponential function can provide more accurate estimates of the actual values, as compared with the
estimated values provided by the linear model. However, in some cases the linear approach fits better to the estimation of
broadband penetration i.e. in the case of the Czech Republic.
5.1. Comparison with parametric approach
As mentioned above, a parametric analysis is also conducted in order to compare the results with those provided by the
non-parametric method, as Table 7 shows.
According to the results, it is important to note that the order of the significant determinants was slightly different between
the two approaches. The importance lies into the fact that the most significant determinants define and initiate appropriate
policies, seeking to enhance the diffusion of broadband services. In addition, there were marginal changes to some signs e.g. Price
for the after-IP dataset.
The comparison was based on appropriate statistical measures such as the coefficient of multiple determinations (R 2), the
adjusted coefficient of multiple determinations (Ra 2), the residual sum of squares (RSS) and the standard error of the estimates
(s.e.). Therefore, the statistical measures referring to both parametric and non-parametric approaches are presented in Table 8.
Comparison of the above results shows that all the statistical measures associated with the non-parametric approach are
better, in all cases, than those of the parametric. However, it must be noted that the parametric method provided quite acceptable
outputs despite the fact that the non-parametric approach seems to fit the data more accurately.
6. Conclusions and future research
The work presented in this paper aims to identify the functional formulation that describes the relationship between the
diffusion of broadband technology and its influential factors. It fills the corresponding gap in literature, where linear econometric
models are constructed and used without taking into account the different stages of the diffusion process.
The approach adopted in this work relied on non-parametric techniques. Based on the assumption that the link function
between the dependent variable (broadband diffusion) and the independent ones is unknown, non-parametric regression
resulted into the construction of the function, performing on the same time dimension reduction.
Based on the assumption that the different stages of diffusion are influenced by different factors, the data used for the analysis
were split into two segments, before and after the inflection point of the diffusion process, for each considered country. The
analysis revealed that, as initially assumed, the factors that influence diffusion are partially different, during the different stages of
the process.

Table 6
Comparison between actual and estimated broadband penetration.
Actual BB

After IP
Austria
Czech Republic
Netherlands
Norway
Slovenia
Spain
Sweden
Before IP
Austria
Czech Republic
Netherlands
Norway
Slovenia
Spain
Sweden

Estimated BB
Linear

Exponential

21.8
15.8
22.4
25.7
19.1
16.8
32.5

23.61
16.11
23.61
27.57
20.60
18.88
30.53

22.79
16.16
22.79
27.31
19.85
18.34
31.29

11.6
4.3
6.3
11.5
7.8
4.3
12.1

10.07
3.57
7.21
10.76
8.69
5.05
10.74

10.73
3.34
6.43
12.15
8.38
4.36
12.10
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Table 7
Results of parametric approach.

GDP
E_gov
S&T
Us_PC
Ineq
Age
School
PC_sk
Int_sk
Price
Com_exp
Dens

Whole

After IP

Before IP

−2.191
(−1.014)
0.195⁎⁎⁎

−2.951
(−1.274)
0.073⁎

−0.105
(−0.070)
0.078⁎⁎⁎

(7.618)
−0.169
(−1.461)
0.445⁎⁎⁎
(4.824)
0.630
(1.396)
−0.903⁎
(−2.549)
−0.814
(−1.651)
0.188
(1.306)
−0.026
(−0.281)
−0.048
(−0.012)
−0.377
(−0.358)
0.015⁎⁎⁎

(2.586)
−0.180
(−1.429)
0.559⁎⁎⁎
(6.326)
0.500
(0.912)
−0.521
(−1.650)
−0.282
(−0.591)
−0.147
(−0.720)
−0.130
(−1.238)
0.444
(0.102)
1.924
(1.876)
0.011⁎⁎

(4.178)
−0.115
(−1.728)
0.164⁎⁎
(2.654)
0.446
(1.659)
−0.364
(−1.256)
−0.594
(−1.591)
0.051
(0.664)
0.141⁎

(3.582)

(2.852)

(2.974)

(2.616)
−3.503
(−1.442)
−1.543⁎
(−2.005)
0.009⁎⁎

t-Statistics are in parentheses.
⁎
p b 0.05.
⁎⁎
p b 0.01.
⁎⁎⁎
p b 0.001.

According to the results, it is proved that governmental actions such as E-government online availability and communication
expenditures can enhance the process of broadband diffusion. The level of Com_exp could exert either positive or negative
influence depending on the level of cumulative communications investments made in the past. Moreover, the proportion of
persons employed using computers connected to the Internet (Us_PC) is a driving factor for the proliferation of broadband
diffusion for all three groups of considered datasets. It seems that penetration in the private sector is directly and positively
related to the broadband diffusion over households. Additionally, population density (Dens) can be considered as a supporting
parameter in the process, as urbanization facilitates the adoption of broadband services.
In the dataset describing the process before the inflection point, Internet skills (Int_sk) are added to the influential factors with
a positive sign regarding broadband adoption. Thus, policies targeting to motivate people gaining such kind of skills could
accelerate broadband diffusion. The results indicate that governmental intervention regardless of the level of penetration rate can
promote broadband diffusion. It is also concluded that the most suitable regression model can be different based on the maturity
level of broadband diffusion.
The present analysis can be further extended by taking into consideration a larger dataset of influential factors. They could
include, among others, weather, races, and technological skills to be considered in future research. In this case, dimension
reduction is necessary, as it can ensure the limitation of complexity due to the fewer conclusion parameters.
The understanding of the barriers as much as the driving factors in the process of broadband demand enhancement is very
useful for policy interventions, not only at EU but also at the national level. Through this analysis the most and less important
socio-economic factors are revealed. This study could reveal regional results if it was carried out for each considered country
independently, taking into account the heterogeneity of each country. This could be achieved by performing a multilevel analysis,
by means of a hierarchical model or structural equation modeling.

Table 8
Comparison between parametric and non-parametric results.
After IP

2

R
Ra2
RSS
S.e.

Before IP

Parametric

Non-parametric

Parametric

Non-parametric

0.7331
0.7118
1313
3.863

0.7363
0.7335
1297
3.715

0.6211
0.6009
566
2.455

0.6335
0.6298
548
2.364
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Furthermore, a stricter correlation analysis based on multicollinearity should be performed, in order to exclude the variables
which add in the complexity of the model. In this study the notion of network effects is not considered, though broadband
subscription may positively correlate with previous ones, e.g. mobile or dial-up subscription [54].
Appendix A. Data descriptive statistics
Table 9
Descriptive statistics for data after the broadband inflection point.

BB
GDP
E_gov
S&T
Us_PC
Ineq
Age
School
PC_sk
Int_sk
Price
Com_exp
Dens

N

Minimum

Maximum

Mean

Std. deviation

96

9.60
9.25
30.00
6.40
19.00
3.30
32.50
15.90
8.00
14.00
0.16
1.00
2.90

37.70
10.78
100.00
29.10
68.00
7.80
40.60
20.80
23.00
52.00
0.76
4.20
488.30

21.44
10.09
67.20
13.59
41.01
4.51
35.97
17.95
13.57
32.68
0.37
2.27
130.43

7.19
0.31
17.25
4.40
11.67
1.08
1.75
1.28
3.26
9.94
0.13
0.75
123.62

Table 10
Descriptive statistics for data before the broadband inflection point.

BB
GDP
E_gov
S&T
Us_PC
Ineq
Age
School
PC_sk
Int_sk
Price
Com_exp
Dens

N

Minimum

Maximum

Mean

Std. deviation

100

0.20
8.78
3.00
4.80
5.00
3.00
33.60
14.90
1.00
7.00
0.16
1.00
2.90

15.77
10.59
77.50
24.50
56.00
7.90
40.00
20.40
23.00
47.00
0.74
3.20
481.90

5.00
9.76
37.57
11.33
28.44
4.74
36.47
17.36
11.47
25.06
0.36
1.88
109.80

3.88
0.45
19.16
4.50
12.46
1.27
1.28
1.21
4.74
10.18
0.12
0.67
92.97
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