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Abstract

This paper deals with the relationship between knowledge, innovation and re-

gional growth. The study is carried out through the application of nonparamet-

ric estimation methods to European data at NUTS2 level. We provide evidence

that the share of innovative �rms plays a more relevant role in explaining re-

gional growth than R&D expenditures. Further, inward FDI turns out to be a

robust growth determinant. Our results also suggest that the e¤ects induced by

these variables are of a heterogeneous nature. As a byproduct of the analysis,

we show that the estimation results from a local-linear kernel regression can be

used for the identi�cation of spatial patterns. In this respect, we �nd a cluster of

innovation-driven labour productivity growth in Germany.
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1 Introduction

The �Europe 2020� strategy for smart, sustainable and inclusive growth laid out by

the European Union (EU) consists of the ful�lment of �ve main objectives at the end

of the present decade (European Commission, 2010). Among these goals, it has been

established that the share of expenditure in research and development (R&D) over gross

domestic product (GDP) must be equal to 3% at the national level. This objective is

primarily motivated by the endogenous growth literature as its fundamental premise is

that deliberate decisions of rational agents can increase the productivity of labour which,

in turn, generates economic growth. According to Romer (1990), decisions regarding

R&D expenditures play a prominent role in these increments.

Given that there is a wide consensus on the importance of knowledge and innovation

generated by R&D activities for regional development (Crespo Cuaresma et al., 2014),

recent studies are more concerned with disentangling their di¤erential e¤ects (Capello

and Lenzi, 2013; 2014). In line with empirical growth studies that take into account the

possible presence of nonlinearities (Masanjala and Papageorgiou, 2004), there is also

an interest in analyzing whether the in�uence that knowledge and innovation exert on

growth is heterogeneous. Henderson et al. (2012a) propose the use of nonparametric

estimation techniques to study the relevance and nonlinear in�uence of growth deter-

minants. Nevertheless, carrying out this analysis in a regional context requires taking

into account the possible presence of spatial dependence in the data (Basile, 2008).

Given that the results obtained depend to a great extent on the way that this feature

is modelled (Halleck Vega and Elhorst, 2013), McMillen (2012) advocate the use of

nonparametric methods, which are �exible, to avoid this speci�cation problem.

Although kernel regressions do not explicitly control for the spatial dependence

across observations, their estimates can be consistent and asymptotically normal in the

presence of this data feature (Robinson, 2011; Jenish, 2012). Further, Sanso-Navarro

and Vera-Cabello (2014) provide evidence that the local-linear kernel estimator is more

e¢ cient than the alternative geographically-weighted regression method (GWR; Bruns-

don et al., 1996). In the present paper, we propose the application of nonparametric

estimation methods to study the relationship between, on the one hand, knowledge

and innovation and, on the other, regional growth in the EU27 countries. Proceeding

in this way, we will not only be able to determine if they are relevant for explaining

growth, but also to analyze the possible presence of heterogeneity in the e¤ects gener-

ated by these variables. Moreover, and as another contribution of the present paper,

we show that the results obtained from the application of these estimators are useful
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for the identi�cation of spatial patterns (Capello and Lenzi, 2013). This is possible by

studying the geographical distribution of the estimated partial e¤ects (gradients) using

spatial analysis techniques (Anselin, 1995; Fischer and Getis, 2010).

The rest of the paper is structured as follows. Section 2 presents the empirical

framework and the variables included in our analysis. Section 3 describes the nonpara-

metric estimation methods on which the study is based. The relevance of knowledge

and innovation as growth engines in EU regions, the heterogeneity of their e¤ects and

the presence of spatial patterns are assessed in Section 4. Section 5 concludes.

2 Empirical framework

Although numerous variables have been found to explain regional growth, there is a

widespread consensus that knowledge and innovation are two robust growth engines

(Cooke et al., 2011). In the present paper, we are not concerned with con�rming this

recurrent result in empirical growth studies. Instead, and following a recent trend in the

literature, we try to disentangle the e¤ects that knowledge and innovation separately

exert on regional growth.

The reason for di¤erentiating the e¤ects generated by these two variables is that

the e¢ ciency gains derived from innovation activities depends on the strength of the

local knowledge base (Bilbao-Osorio and Rodríguez-Pose, 2004; Rodríguez-Pose and

Crescenzi, 2008). In addition, an interesting related question is to determine whether

the in�uence of these two variables is characterized by the presence of spatial hetero-

geneity. For this reason, we also try to disentangle if knowledge and innovation have a

nonlinear relationship with growth in EU regions.

[Insert Table 1 here]

With this aim, we adopt an empirical framework similar to that proposed by Capello

and Lenzi (2013, 2014). This speci�cation permits assessing the relevance of knowledge

and innovation while controlling for other regional growth determinants. The analysis

has been carried out with cross-sectional data for 262 NUTS2 regions1 (EU27 countries).

1The choice of the areal unit of analysis is an important issue in empirical studies with aggregate
spatial data sources. This is because di¤erent levels of aggregation can lead to di¤erent results, the
so-called �modi�able areal unit problem� (MAUP; Unwin, 1996). NUTS is the French acronym for
�Nomenclature of Territorial Units for Statistics�, a hierarchical classi�cation established by EURO-
STAT to provide comparable regional breakdowns of EU member states. NUTS2 regions are de�ned
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The variables included are described in Table 1, where their source, computation and

sample period are also detailed. In particular, the empirical model corresponds to a

growth regression that can be speci�ed as follows:

gi = �+ �KIi + TEi + �EDi + "i; i = 1; :::; n (1)

where gi denotes the average growth rate of real output in region i. KIi is a vector

containing proxies for the level of knowledge and innovation, TEi is a vector re�ecting

territorial-enabling factors and EDi includes control variables related to economic dy-

namism and socio-economic development. � is the intercept, " is a zero-mean additive

error and n is the number of regions.

As can be observed in Table 1, the dependent variable is the annual growth rate of

real gross value added (GVA) per worker over the period 2005-2007, calculated with

data from Cambridge Econometrics. The vectorKIi contains measures for the variables

that play a central role in endogenous growth models: knowledge, human capital and

innovation. The intensity of formal and basic knowledge is measured by the R&D

expenditures as a share of GDP (R&D). The informal knowledge embedded in human

capital is proxied by the share of managers and technicians over total employment

(CAPABILITES). In line with recent studies, and because it is considered to have

additional explanatory power for regional growth di¤erences, the level of innovation is

distinguished from R&D expenditures. Thus, a categorical variable re�ecting the share

of �rms that introduce product and/or process innovations (INNOV) has also been

included.

The e¤ects of innovation and knowledge on regional growth cannot be analyzed

without taking into consideration the social and institutional conditions. That is to

say, the second group of variables included in vector TEi try to re�ect the in�uence of

territorial-enabling factors for the e¤ects of knowledge and innovation. In this regard,

the infrastructures endowment has been measured by the rail and road potential ac-

cesibility over total area (INFRASTR). The functional specialization of a given region

has been proxied by its corresponding share of blue collar occupations over total em-

ployment (FUNCTIONAL). The degree of entrepreneurship has been re�ected by the

share of self-employed over the total labour force, excluding the wholesale retail sectors

(SELFEMPL). An indicator of the share of people trusting each other (TRUST) has

also been introduced as a proxy for social capital.

according to a formal rather than a functional criteria, because they correspond to the level used for the
implementation of regional policies. This institutional breakdown may in�uence the results, although
to a lesser extent than if we were interested in modelling and analyzing regional spatial dependence.
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The variables included in EDi try to re�ect the economic dynamism and stage of

development of a given region. The employment growth rate (EMPL) and the loca-

tion quotient of employment in knowledge-intensive services (KIS) try to measure the

dynamics and level of specialization of the labour market, respectively. Further, the

�ow of inward foreign direct investment as a percentage of GDP (FDI) has also been

considered in this third group of variables.

The in�uence of knowledge and innovation, as well as the rest of regional growth

determinants, has been analysed through the application of nonparametric estimation

methods. Although we are not unaware of the presence of spatial dependence between

observations in the present context, these techniques have been applied because their

estimates are consistent when this feature is present in the data (Robinson, 2011; Sanso-

Navarro and Vera-Cabello, 2014). The following section is devoted to describing these

methods, on which the empirical analysis is based.

3 Nonparametric kernel regression methods

To a great extent, the empirical analysis carried out in this study follows the approach

proposed by Hall et al. (2007) and Henderson et al. (2012a). These studies ex-

ploited the fact that the relevance and nonlinear in�uence of the explanatory variables

in nonparametric kernel regressions are revealed by their corresponding bandwidths

when these parameters are determined using a least-squares cross-validation selection

method. Moreover, and due to the �exibility of nonparametric estimation methods, it

is not necessary to make any assumption about the functional form of the conditional

mean or about the distribution of the error term.

The nonparametric counterpart of the empirical model in (1) can be expressed as:

gi = m (Xi) + �i; i = 1; : : : ; n (2)

where Xi = (Xi1; Xi2; :::; Xiq) is a vector of q variables related to regional growth -

included in KIi, TEi and EDi - and �i is the corresponding zero-mean additive error.

Further, m(�) is the smooth unknown function for the conditional mean:

m(x) = E[gijXi = x] (3)

with x = (x1; x2; :::; xq) denoting the vector of growth determinants at which the

conditional mean is evaluated.
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One alternative for estimating the conditional mean function in (3) is by locally

averaging the growth rates of the regions that are similar in terms of the values taken by

their growth determinants. This method is known as the local-constant (or Nadaraya-

Watson) kernel estimator:

m̂ (x) =
nX
i=1

wigi (4)

Weights are non-negative, their sum is equal to one and they are given by

wi =
K(Xi�x

h
)

nX
j=1

K(
Xj�x
h
)

(5)

with

K(
Xi � x
h

) = k(
Xi1 � x1
h1

) � k(Xi2 � x2
h2

) � ::: � k(Xiq � xq
hq

) (6)

and k(�) being a kernel function.
That is, the local-constant kernel estimator at x takes the average of the gi values for

the regions such that their Xi are in the neighborhood of x. The amount of information

used to calculate the local average is determined by the bandwidths h = (h1; h2; :::; hq).

A data-driven method for selecting these smoothing parameters is least-squares cross-

validation, which consists of choosing h to minimize the following criterion:

CV (h) =
1

n

nX
i=1

(gi � m̂�i(Xi))
2M(Xi); 0 �M(�) � 1 (7)

where M(�) is a weighting function and

m̂�i(Xi) =

nX
l 6=i

glK(
Xi�Xl
h
)

nX
l 6=i

K(Xi�Xl
h
)

(8)

In other words, the criterion minimized by the cross-validation bandwidth selection

is a trimmed version of the sum of squared residuals from a leave-one-out estimator of

the conditional mean function. Following Li and Racine (2004), we have set M(�) = 1.
Least-squares cross-validation bandwidth selection, in conjunction with the local-

constant kernel estimator, is capable of automatically reducing the dimension of the

problem when some of the regressors are irrelevant. More speci�cally, the irrelevant

6



variables will be smoothed out as

k(
Xis � xs
hs

)! k(0) when hs !1; s = 1; 2; :::; q (9)

Instead of the local-constant approximation, a linear regression through the regions

with growth determinants in the same neighbourhood can be �tted. When a weighting

function is included with this purpose, the estimation method is called the local-linear

kernel regression. The aim is to estimate

gi = a+ b
0(Xi � x) + ei (10)

As (Xi � x) is used as the regressor, the intercept equals the conditional mean in
(3). The estimation is based on solving the following optimization problem:

min
a;b

nX
i=1

(gi � a� b0(Xi � x))2K(
Xi � x
h

) (11)

It has been demonstrated that the solutions â = a(x) and b̂ = b(x) are consistent

estimators of the conditional mean function and of its partial derivative (m(1)(x) =
@m(x)
@x
), respectively (Li and Racine, 2007). Due to its analogy to local least-squares,

the local-linear estimation method nests the least-squares estimator as a special case

for su¢ ciently large values of the bandwidth parameters. Moreover, the least-squares

cross-validation method for bandwidth selection in the local-linear framework has the

ability to select a large value of hs when the conditional mean function is linear in xs.

On the contrary, it will select small values of the bandwidth parameter for regressors

that have a nonlinear relationship with regional growth.

To sum up, the least-squares cross-validation bandwidth parameters for the local-

constant regression will be used to draw conclusions regarding the relevance of regional

growth determinants. The bandwidths for the local-linear estimation will allow us to

determine its nonlinear in�uence. Given that the kernel function considered in the

empirical analysis is the Gaussian one:

k(v) =
1p
2�
e�

v2

2 ; �1 < v <1 (12)

we will conclude that a continuous growth determinant enters the conditional mean

in an irrelevant fashion (local-constant regression) or linearly (local-linear) if its corre-

7



sponding bandwidth parameter is greater than two times its sample standard deviation2.

The versions of the estimation methods applied are those that allow us to handle both

continuous and discrete variables in Xi. In this latter case, the upper bound is unity

(Hall et al., 2007).

Before proceeding with the empirical analysis, it is worth noting that these esti-

mators are based on the implicit assumption that each observation is independent and

provides unique information. However, measurement problems, boundary mismatches

or the presence of spillovers and externalities generate the presence of spatial autocorre-

lation among regions and, hence, implies a lack of independence. As pointed out by Rey

and Janikas (2005), this dependence can result in misguided inferences and interpre-

tations when using standard parametric estimation methods. Nevertheless, this is not

necessarily the case for the local-constant and local-linear estimators. The conditions

for their consistency and asymptotic normality when applied to spatially dependent

data have been established by Robinson (2011) and Jenish (2012), respectively. There-

fore, these properties can be added to the arguments in McMillen (2010) to advocate

the use of nonparametric methods when dealing with spatial data.

4 Results

4.1 Growth determinants: Relevance and nonlinear e¤ects

Our empirical analysis begins with the calculation of the bandwidth parameters with

a least-squares cross-validation selection rule. Descriptive statistics for regional growth

rates and each growth determinant included in the empirical model and their corre-

sponding bandwidths are reported in Table 2.

It can be observed that the bandwidth parameters calculated for the local-constant

estimation method are less than twice the sample standard deviation for most of the

variables considered. The exceptions are R&D expenditures as a share of GDP, the

proxy for the level of infrastructures and the employment growth rate. Therefore,

the least-squares cross-validation bandwidth selection rule considers these variables as

irrelevant for explaining labour productivity growth di¤erences in EU regions during the

period 2005-2007. These results show the importance of not only those variables related

to endogenous growth models, but also their territorial-enabling factors and regional

economic dynamism and development stage. Nevertheless, it can also be concluded that

2A performance evaluation of this procedure with relatively large numbers of relevant and irrelevant
regressors in small samples can be found in Henderson et al. (2012a, pp. 148-152).

8



R&D expenditures are able to promote regional growth only when they are materialized

in product and/or process innovation.

[Insert Table 2 here]

Having identi�ed the relevant regional growth determinants, the next step in our

analysis is to determine which of them exert a nonlinear in�uence. As has been ex-

plained in the previous section, this is related to the magnitude of the bandwidth

parameter calculated by the least-squares cross-validation selection rule for the local-

linear kernel regression estimator. The values obtained are reported in the last column

of Table 2. They suggest that both the share of managers and technicians on total

employment and the share of innovative �rms exert a nonlinear in�uence on growth

because their bandwidths are less than twice their sample standard deviation. With

the exception of the social capital measure, this is also the case for the rest of control

variables that are signi�cantly related to growth.

Both the local-constant and the local-linear kernel estimators assume that the obser-

vations are independent and, hence, do not explicitly account for the presence of spatial

dependence when applied in the present context. In order to analyze the extent to which

these methods and the empirical speci�cation considered in our analysis capture this

feature of European regional data, the global Moran�s I test has been calculated for the

residuals of the kernel regressions using two k-nearest (k = 5; 10) neighbours matrices3.

The resulting test statistics, along with their p-values, are reported in the lower

panel of Table 2. The null hypothesis of the global Moran�s I test is the absence of

spatial autocorrelation. It cannot be rejected at the 5% signi�cance level either for

the local-linear or the local-constant estimations. This can be interpreted as evidence

that kernel regressions are able to control for the spatial dependency in the data when

explanatory variables are close not only in the variable space but also in the geographical

space, as is the case in our data. As expected, the location quotient in KIS sectors is

the only variable for which the null hypothesis of no spatial autocorrelation cannot be

rejected4.

3A distance-based weights matrix has not been used because the Canary Islands are included in
our sample. The minimum distance to consider in this case for all the regions to have, at least, one
neighbour is very high.

4These results are available from the authors upon request.
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4.2 Identifying territorial patterns

A common practice to obtain partial slopes in multivariate settings is to select an

explanatory variable and hold the remaining covariates at speci�c values (like their

sample means). Nevertheless, kernel regressions can be used to calculate the marginal

e¤ects (gradients) of a covariate at a given point. They are obtained as the derivative

of the conditional mean in (3) at the value x. Hence, the marginal e¤ect of a covariate

for each observation is calculated at the observed values of all the covariates for this

same observation.

In this line, Henderson et al. (2012b) propose 2-dimensional �gures (45o plots) that

help to clarify the heterogeneity that stems from the estimates of multivariate models.

The corresponding plots for the statistically signi�cant gradients for the six covariates

that, according to the results in the previous subsection, have a nonlinear relationship

with EU regional growth are displayed in Figure 1. In addition, the mean value and

relevant quartiles for all these gradients (signi�cant and non-signi�cant) are reported

in Table 3.

[Insert Figure 1 here]

The heterogeneous character of the in�uence of these growth determinants is con-

�rmed by the six 45o plots. In particular, the share of managers and technicians and,

in line with the results in Capello and Lenzi (2013, 2014), of blue collar occupations

on total employment tend to exert a negative in�uence on growth. This result may be

re�ecting convergence issues not accounted for by the empirical framework considered.

The reason is that the initial level of productivity is not controlled for and may be

related to the dates that these variables refer to. In addition, the share of innovative

�rms seems to have a negative relationship with regional growth. However, this result

is a consequence of the high standard errors of the estimated partial e¤ects for this

variable, what may be related to its discrete nature. As can be observed in Table 3,

when all the gradients of this proxy for innovation are taken into account, both its

mean and its median and upper quartiles are positive. Finally, the estimated partial

e¤ects suggest that specialization in KIS and, to a greater extent, in�ows of FDI have

growth-enhancing e¤ects.
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[Insert Table 3 here]

Following the related literature (Funke and Niebuhr, 2005), the heterogeneity found

in the partial e¤ects of these growth determinants may be driven by the presence of

threshold e¤ects. The extent to which the variables related to knowledge and innovation

generate this type of nonlinearity has been analyzed by comparing the kernel density

functions of their signi�cant partial e¤ects, depending on whether they are above or

below the sample median. This comparison is plotted in Figure 2. Each column refers

to the variable that generates the threshold e¤ects, that is, the variable that takes

values above or below the European sample median. Each row refers to the variable

that experiences the threshold e¤ect and, thus, for which the densities of the gradients

are compared. In addition, a formal comparison has been carried out by applying the

test of equal density functions proposed by Li et al. (2009), that is also based on the

least-squares cross-validation bandwidth selection. The test statistics obtained, along

with their corresponding bootstrap p-values (399 replications), are also reported in each

graph.

[Insert Figure 2 here]

According to this test, the share of managers and technicians on total employment is

the growth determinant related to knowledge and innovation that tends to be a¤ected by

threshold e¤ects. They are generated both by this variable and the share of innovative

�rms. It can also be observed that there are a higher number of non-signi�cant partial

e¤ects of the knowledge embedded in human capital in the regions where this variable

is above the EU median. In addition, regions with a lower endowment of human capital

tend to obtain fewer bene�ts from it. However, this variable tends to exert a more

positive in�uence on growth in regions with a lower share of innovative �rms. The

latter also have a much higher frequency of negligible e¤ects generated by innovation.

Therefore, it can be stated that innovation results have a positive in�uence on growth

once a threshold value has been achieved.

The GWR estimation method provides intercept and slope parameters for each re-

gion in the sample by running a sequence of local-linear regressions using subsets of data

that are close in the geographical space, instead of in the variable space. As pointed

out by McMillen (2010), GWR is a special case of standard non-parametric regression
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procedures that has attracted the attention of researchers, who have neglected the ad-

vantages of other estimators. For this reason, we complete our analysis by showing that

the estimated gradients from the local-linear kernel estimator allow us to identify spa-

tial patterns. This has been done by constructing cluster maps with the local indicator

of spatial association (LISA; Anselin, 1995) for these partial e¤ects.

[Insert Figures 3 and 4 here]

The LISA cluster maps5 for the partial e¤ects of the share of innovative �rms and

the inward �ows of FDI are shown in Figures 3 and 4, respectively. The former suggests

that there is a signi�cant �high-high�spatial correlation in the e¤ects of the share of

innovative �rms in German regions. In line with Capello and Lenzi (2013), this implies

that there is not only a high degree of innovation in the �European Science-based area�

but also that these regions are where innovation has a higher positive in�uence on

growth. Further, there are two clusters of �low-low�spatial association in the e¤ects of

innovation in Italian and Spanish regions. Figure 4 shows the LISA cluster map for the

gradients of inward FDI �ows in a given region. Although this variable turns out to

be a robust driver of growth, French and Italian regions are those that obtain a higher

bene�t from inward FDI.

5 Concluding remarks

This paper has applied nonparametric kernel estimation methods to study the relation-

ship between knowledge, innovation and growth in European regions. We �nd that the

share of innovative �rms explains labour productivity growth di¤erences at a NUTS2

level. However, our results suggest that R&D activities lose their relevance when jointly

considered with innovation and the knowledge embedded in human capital. We also

obtain evidence regarding the important role of inward FDI �ows as a growth determi-

nant. In line with related studies, we have found the presence of a nonlinear relationship

between regional growth and its determinants. The heterogeneity of the e¤ects that

innovation exert on growth has been con�rmed by the partial e¤ects obtained from a

local-linear kernel estimator. As a novelty, we have shown that these gradients can be

useful in detecting spatial patterns.
5LISA cluster maps have been constructed for a k-neighbours weights matrix with k = 10. Consid-

ering a smaller number of neighbouring regions leads to similar conclusions.
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Our �ndings suggest that EU policies should take into account not only that regions

have di¤erent characteristics but also that these policies a¤ect growth in di¤erent ways.

In addition, a policy based on the establishment of a target for the level of R&D

expenditures seems not to be appropriate at a regional level. It would be much more

important to intervene in order to ensure that these activities really contribute to

knowledge accumulation through innovation results. Policies should be devoted to

promoting activities intended to attract FDI.
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Table 2. Descriptive statistics for regional growth and its determinants and least-squares cross-validation

bandwidths.

Mean Median SD Min Max Local-constant Local-linear

GROWTH 2.69 2.40 2.20 -2.55 10.32 � �

Knowledge and innovation

CAPABILITIES 7.30 7.15 2.54 2.96 17.94 1.26 1.14

INNOV 4.44 4 1.88 1 8 0.51 0.41

R&D 1.40 1.01 1.21 0.07 8.85 3.00* �

Territorial-enabling factors

INFRASTR 35.52 8.88 63.64 0.02 562.89 584.70* �

FUNCTIONAL 23.93 23.74 6.35 7.86 39.50 3.30 4.95

SELFEMPL 12.23 10.21 6.43 3.45 38.08 2.19 10.53

TRUST 30.97 28.09 15.65 0 82.35 6.35 34.35**

Economic dynamism and development stage

EMPL -1.68 -1.79 2.91 -11.65 6.87 21.63* �

FDI 2.31 0.57 5.07 0 41.81 3.03 8.75

KIS 0.96 0.94 0.17 0.51 1.97 0.06 0.15

R2 0.97 0.89

I(k=5) -0.02 (0.36) 0.02 (0.26)

I(k=10) -0.03 (0.15) 0.03 (0.08)

Note: * denotes that the variable is smoothed out of the regression and ** indicates that the variable

enters linearly. I(�) is Moran�s I test statistic for a k-nearest neighbours speci�cation of the weights

matrix. p-values in parentheses.
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Table 3. Partial e¤ects for continuous and relevant regional growth determinants.

Mean Q1 Q2 Q3

CAPABILITIES
-0.09

(0.07)

-0.37

(0.19)

-0.11

(0.27)

0.12

(0.09)

INNOV
0.04

(0.06)

-0.27

(0.19)

0.04

(0.06)

0.38

(0.58)

FUNCTIONAL
-0.01

(0.02)

-0.12

(0.04)

-0.04

(0.03)

0.06

(0.07)

SELFEMPL
0.01

(0.02)

-0.08

(0.02)

0.02

(0.02)

0.09

(0.02)

TRUST
-0.02

(0.01)

-0.03

(0.01)

-0.01

(0.01)

2.92E-03

(0.01)

FDI
0.18

(0.01)

0.03

(0.14)

0.17

(0.15)

0.38

(0.07)

KIS
0.48

(0.70)

-3.27

(1.30)

-1.46

(2.54)

2.85

(1.04)

Note: Partial e¤ects are the estimated derivatives from the local-linear

nonparametric regression. Bootstrap standard errors in parentheses

(399 replications).
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Figure 1: 45� plot of the statistically signi�cant estimated gradients for selected regional
growth determinants.
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Figure 2: Kernel density estimation of the estimated gradients for selected regional
growth determinants. Threshold e¤ects induced by three variables that take values
above (solid) and below (dashed) the sample median. Reported values correspond to
the Li et al. (2009) test statistic for equality of distributions. Bootstrap p-values in
parentheses (399 replications).
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Figure 3: LISA cluster map for the signi�cant partial e¤ects of the share of �rms
introducing innovations. HH: red; LL: blue; HL: light red; LH: light blue.
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Figure 4: LISA cluster map for the signi�cant partial e¤ects of inward FDI �ows. HH:
red; LL: blue; HL: light red; LH: light blue.
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