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Spatial determinants of TFP: The role of R&D capital and the absorptive 
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Abstract 

This paper provides answers to relevant policy questions in the context of the new 
European competitive agenda from a regional perspective: are high/low regional 
productivity levels being affected by the capacity of attracting higher/lower stocks of 
private and public R&D? Are those effects conditioned by the regional absorptive 
capacities? Do Spanish regions benefit from the human and social capital accumulated in 
the neighbouring territories? We estimate the long-run effects of the accumulation of 
Research and Development (R&D) capital on Total Factor Productivity (TFP) across 
the Spanish regions by means of panel data cointegration methods. We control for the 
impact of spatial externalities linked to regional absorptive capacities proxied by human 
and social capital. Our empirical results, robust to different specifications, show that the 
influence of the stock of R&D capital on TFP is small and only significant for public 
capital. Regional productivity benefits from positive spatial externalities linked to R&D 
capital of neighboring regions. Human and social capital also exert a significant impact, 
however, the spatial spillovers are negative.  
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1. Introduction 

The European Union Research and Innovation Program has been acquiring relevance 
over time as a central element in the context of the new EU competitive strategy.1 In 
2013 the R&D expenditure in the EU-28 was 35.7% higher than in 2005 and equivalent 
to 75.6% of the U.S. figure. However, if we look at R&D expenditure as a percentage of 
GDP, the progress is less visible: the EU-28 R&D spending averaged 1.79% of GDP in 
2000 and remained unchanged until 2008. In 2013 it reached 2.03 % and stayed below 
the corresponding ratios for the U.S (2.81 %) and Japan (3.48%).2 This stands in 
contrast to the Lisbon Strategy, a development program agreed upon in 2000, which set 
up a 3% R&D/GDP ratio as an achievable target by 2010. The new economic and 
development framework for the EU, named Europe 2020, reestablished the 
unaccomplished 3% objective as an achievable target for that year. The underlying idea 
is that higher R&D spending impulses technical progress, which enhances productivity 
and helps to reduce regional disparities.  

The R&D policy is set up by the EU Commission but its implementation relies on 
national and regional efforts. Spain constitutes a particularly relevant case of study 
within the EU. The R&D capital stock as a percentage of the stock of physical capital 
has substantially increased since the 80s (from 1.5% in 1980 to 4.15% in 2007).3  
However, the country’s TFP has decreased by an average of 0.31% per year from 1995 to 
2007. In addition, Spain suffers from persistent regional disparities.4 In this context, the 
literature identifies three main factors that explain regional divergences: (i) differences in 
the rate of investment; (ii) differences in the level of education of the workforce; and (iii) 
differences in R&D expenditures. Therefore, the effectiveness of the R&D policy depends 
not only on attaining the 3% target but also on the ability to exploit the absorptive 
capacities of the regions. In that sense the European Commission invited Member States 
to prioritize productivity enhancing investments, such as education and training 
programs, the creation and expansion of networks and transport interconnections.  

In this work our goal is to assess three main questions: (i) whether high/low regional 
productivity levels are affected by higher/lower stock of R&D capital; (ii) are those 
effects conditioned by the regional absorptive capacities? (iii) and do Spanish regions 
benefit from the human and social capital accumulated in the neighbouring territories? 

                                                
1 Approximately 9% of the total EU budget, 80 billion dollars, has been assigned to R&D spending over the period 
2014-2020.  
2 Latest data available published by EUROSTAT.  
3 We switch attention to the stock of R&D capital as it is widely considered a critical input affecting growth and 
productivity. The National Accounts estimate the capital stocks from R&D expenditure and assuming a fixed 
depreciation rate (see Griliches ,1980). 
4 In 1980 Madrid exhibited a TFP index of 140.3 while Extremadura reached 54 (Spain=100). In 2007, they accounted 
for 165.6 and 88.4, respectively. See Table 1.  
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There are not many empirical studies assessing the quantitative impact of the stock of 
R&D capital on productivity using a spatial approach at the regional level. We follow 
the ones by Dettori et al. (2012) for the European regions, and Bronzini and Piselli 
(2009) for the Italian regions. Our approach is different. First, we construct the TFP 
series for the 17 Spanish NUTS2 regions and examine the long-run effect of the stock of 
R&D capital on TFP over the period 1980-2007. We distinguish R&D stocks by source 
of funding –private and public- to analyze their differential effects. Second, we control 
for the effect of regional absorptive capacities and investigate the role of spatial 
spillovers associated to the accumulation of human and social capital.5 The benefits from 
knowledge are not usually confined to a particular territory but spill across space. In 
turn, the ability to exploit geographical spillovers relies considerably on the level of 
education, networks and social capital of a particular region (Capello and Lenzi, 2014). 
This method allows us to adjust for the existence of technological interdependence across 
regions and for unobserved heterogeneity.  

Our results reveal a long-run positive relationship between productivity levels and R&D 
capital which is manily driven by public R&D. We find  significant evidence in favor of 
positive R&D spatial externalities. This is, regions benefit from the stock of R&D capital 
accumulated in neighbouring territories. Additionally, the empirical evidence suggests 
that the distribution of human and social capital is spatially concentrated, in line with 
the predictions of the new economic geography models. Moreover, our results support 
the existence of negative externalities associated with the absorptive capacities in 
neighbouring territories. These results are robust to different specifications.  

The rest of the paper is organized as follows. Section 2 presents a review of the 
literature. Section 3 briefly describes the evolution of TFP and technological inputs by 
region. Section 4 explains the econometric specification. Section 5 states the main results 
of the estimations, and section 6 concludes and offers economic policy recommendations.  
 

2. Literature review  

Our paper relates to two branches of literature. The first one focuses on the impact of 
R&D capital and the accumulation of other types of capital (human and social) on 
regional productivity. The second one analyses the role of geographical dependence and 
spatial externalities. Coe and Helpman (1995) and Coe et al. (2009) were pioneers in 
estimating the long-run relationship between foreign and domestic R&D stocks of capital 
and TFP for a sample of G7 economies. They empirically measured how differences in 

                                                
5 The absorptive capacity represents the ability to assimilate and apply new knowledge. It has a strong influence on 
the effectiveness of R&D as a way to enhace technology transfer. The literature about the role of absorptive capacities 
dates back to Gerschenkron (1952) and Abramovitz (1986). More recent studies include Acemoglu and Zilibotti (2001) 
and Griffith et al. (2004). 
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innovation capacities can explain persistent differences in productivity even when 
controlling for absorptive capacities linked to human capital and institutional variables. 
The seminal work of Griffith et al. (2004) provides the theoretical framework to consider 
R&D not only as a vehicle to stimulate innovation but also as a factor that enhances 
technology transfer. They empirically test the effect of R&D as a source of innovation 
and as to promote catch-up in a panel of twelve OECD economies. Their results confirm 
that both faces of R&D play a major role in productivity growth even when controlling 
for human capital and trade. At the regional level, Castellani and Pieri (2013) 
empirically find a large and positive correlation between the extent to which R&D 
activities are transferred abroad and the home region productivity growth for Europe. 
Therefore, the ability of a country/region, or even a firm, to assimilate knowledge from 
public and externally conducted R&D is conditioned by its absorptive capacities (Roper 
and Love, 2006).  

Absorptive capacities can be measured using a broad range of economic indicators. 
Human capital is identified among one of the most relevant.6 It is viewed as a crucial 
factor affecting knowledge transmission and regional development (Lucas, 1988; Miller 
and Upadhyay, 2000; De Lucio et al, 2002; De la Fuente and Doménech, 2006). 
However, the influence of human capital spatial spillovers on growth and productivity 
still remains an open empirical question subject to further analysis. Fingleton and Lopez-
Bajo (2006) find positive spatial spillovers of human capital on growth for the EU 
regions. Shapiro (2006) and Bronzini and Piselli (2009) report similar results for the 
Italian regions. In contrast, the studies by Olejnik (2008) and Ramos et al. (2010) report 
negative externalities for the European and the Spanish regions, respectively.7  

According to Dettori et al. (2012) a large proportion of TFP differences across the 
European regions can be explained by disparities in the endowments of intangible assets 
that are not only associated with human capital but with social capital as well. In this 
regard, the new literature on social capital highlights how the extent and quality of 
inter-organization and social networks act as relevant factors to explain differences in 
productivity across countries and regions (Coleman, 1990; Putnam, 1995; Temple and 
Johnson, 1998; and Peiró-Palomino and Tortosa-Ausina, 2014). Following this line of 
research, Perez et al. (2007) empirical results reveal that existing disparities in economic 
growth among Spanish regions are related to the economic attractiveness of the regions, 
which depends on social capital.   

                                                
6 The literature identifies among the most important absorptive capacities: human capital, ease of doing businesses, 
ITC penetration, technological capital, infrastructures, social capital, or labour market aspects. Social capital is 
identified as an intangible asset that accounts for greater information capacity, trust and the existence of labour 
networks (Coleman, 1990).  
7 Results are sensitive to the territory object of analysis, the econometric techniques employed and to different proxies 
of human capital.  
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Finally, the new economic geography theory suggests that although knowledge spillovers 
generate externalities, even when conditioned by absorptive capacities, they tend to be 
geographically bounded (Glaeser et al, 1992; Jaffe et al, 1993; Fujita et al, 2001; Storper 
and Venables, 2004). In sum, it questions the idea of a knowledge frictionless 
transmission mechanism and the isolation of nations. Bronzini and Piselli (2009) 
empirically demonstrate how spatial externalities are relevant for small countries in 
which technological knowledge has a localized scope. However, as argued by Lundvall 
(1992) and Asheim (1999), if innovation is assumed to be territorially embedded, it 
cannot be completely understood to be independent from the social and institutional 
conditions of every space. In other words, proximity is relevant when analyzing the 
effects of knowledge transmission and its influence on productivity.8 
 

3. Descriptive analysis and spatial dependence.  

We use the regional BD.MORES b.2000 database published by the Spanish Ministry of 
Finance to construct the TFP levels series. The level of disaggregation corresponds to 
NUTS2 in the Eurostat nomenclature of territorial units, and this translates to 17 
regions for the case of Spain. We construct regional TFP indices relative to Spain’s TFP 
level (Spain’s 1980 TFP = 100) following the methodology proposed by Inklaar and 
Timmer (2013) and Feenstra et al. (2015) for the Penn World Tables. The concept of 
TFP is restricted to the aggregate private production and we use the real gross value 
added at basic prices (GVAbp, 2000 base prices) as an indicator of income. Regional 
R&D capital stock series are coming from BD. MORES database. They are computed 
using the perpetual inventory method assuming a 15% depreciation rate (1980 is the 
base year). We use separate series for public and private R&D capital. Human capital 
and social capital data are obtained from IVIE database (Instituto Valenciano de 
Investigaciones Economicas). Human capital is computed as the average years of 
schooling of the working age population. Social capital data at the regional level is 
available from 1983 onwards. It is calculated as a proxy index, which reflects the role of 
cooperation and confidence in achieving social and economic outcomes.9  

Table 1 reports the results from the computation of TFP indices using i values 
averaged over time.10 At the country level productivity shows an increase of 0.91% per 
year for the overall period. TFP grew at an annual rate of 1.86% during the first sub-
period 1980-1995, while it decreased yearly by 0.31% during 1995-2007. Galicia, 
Extremadura, Asturias and Castile and Leon are the only regions that maintained 
                                                
8 The importance of proximity to enhance local synergies and interaction processes within organization networks are 
well documented in Iammarino (2005). 
9 See Perez et al. (2007) for further explanation. 
10 Data show that the participation of labour and capital on total output suffers almost no fluctuations during the 
estimated period.  
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positive growth for the second sub-period. The Balearic Islands is the only region 
exhibiting negative growth rate for the entire period. We also observe a process of 
convergence in productivity levels, as the coefficient of variation declines from 20% at 
the beginning of the period to 12% at the end. However, large differences in productivity 
still remain in 2007, as well as significant disparities across regions. Madrid, Catalonia 
and Basque Country exhibit the highest productivity levels (165.6, 130.4 and 131.2 
respectively) while Extremadura falls to the last position (with a productivity index of 
88.4). 

Table 1. TFP indexes for Spain and the 17 Spanish NUTS2 regions. 

 Total Factor Productivity 

 Annual Growth (%)  
1980 1995 2007 

 1980-2007 1980-1995 1995-2007 

MADRID 140.3 178.8 165.6  0.59 1.53 -0.59 

BALEARIC ISLANDS 130.4 153.2 111.1  -0.57 1.01 -2.44 

CANARY ISLANDS 116.2 145.9 129.2  0.38 1.43 -0.93 

VALENCIAN COMMUNITY 110.7 132.8 129.5  0.56 1.14 -0.19 

CATALONIA 105.6 141.7 130.4  0.75 1.85 -0.64 

BASQUE COUNTRY 99.8 133.3 131.2  0.98 1.82 -0.12 

NAVARRE 98.3 127.4 119.3  0.69 1.63 -0.51 

REGION OF MURCIA 97.3 120.6 114  0.57 1.35 -0.43 

LA RIOJA 97.3 123.1 121.4  0.79 1.48 -0.11 

ANDALUSIA 93.9 125.3 115.6  0.75 1.82 -0.62 

ASTURIAS 90 121.9 128.2  1.27 1.92 0.38 

CANTABRIA 88.7 133.7 124.1  1.21 2.6 -0.57 

CASTILE AND LEON 82.7 118.4 123.3  1.44 2.27 0.31 

ARAGON 82.1 115.6 113.6  1.17 2.16 -0.14 

GALICIA 81.5 117 136.2  1.85 2.28 1.18 

CASTILE-LA MANCHA 79.3 115.2 106.5  1.06 2.36 -0.6 

EXTREMADURA 54 79.8 88.4  1.77 2.46 0.79 

SPAIN 100 134.2 128.8  0.91 1.86 -0.31 

Standard Deviation 20.3 20.6 16  0.57 0.47 0.78 

Coefficient of variation 0.20 0.16 0.12  0.63 0.26 2.55 

Interquartile range 23 15.3 15.5  0.61 0.79 0.49 
Source: own elaboration. 
Notes: Index. Spain 1980=100 

 

Fig 1 plots the relationship between TFP, the different types of R&D capital stocks and 
the absorptive capacities. It is possible to highlight three main facts. First, Madrid 
(Mad), Catalonia (Cat) and the Basque Country (BC) exhibit private capital stock R&D 
ratios which are higher than the national average (Fig. 1.a.). Madrid stands out for its 
ability to accumulate technological resources and, as a result, exhibits the highest TFP 
index. Second, Extremadura (Ext), Castile La Mancha (C-M), Castile Leon (C-L), and 
Aragon (Ara) stand out for their low productivity and capacity to attract private R&D 
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activities. And third, Balearic Islands (Bal), Canary Islands (Can) and Valencian 
Community (VC)exhibit high productivity levels without noticeable private R&D.11 If 
we look at the correlation between TFP and Public R&D, we observe higher regional 
concentration. All regions except for Madrid and Extremadura are grouped around the 
Spanish average (Fig 1.b). Madrid stands out as the region with the most dynamic 
public R&D performance while Extremadura, again, finds itself at the bottom of the 
distribution.  

Fig. 1. Regional TFP correlations  
(a). TFP versus Private R&D Capital Stock.  (b). TFP versus Public R&D Capital Stock. 

 

 

 
(c). TFP versus Social Capital.  (d). TFP versus Educational attainment. 

 

 

 
Source: Own elaboration.  
Notes: All variables are expressed as 1980-2007 average except for social capital which is expressed as 1983-2005 average. 
 

Similarly, Fig. 1(c) and 1(d) show a clear positive relationship between TFP and social 
and human capital, with Madrid and Extremadura being the outliers. The distribution 
of the regions in quadrants I and III indicates that, in general, regions with high social 
capital have greater levels of productivity. However, Madrid, which is placed in the 
upper-left quadrant, stands out as a region with relatively low levels of social capital but 

                                                
11 These regions are well known worldwide for being tourist destinations. 



 

 
 

8 

extremely high TFP. Table 2 reports some summary statistics and the correlation 
coefficients 

Table 2. Summary Statistics.  
 TFP Total R&D Private R&D Public R&D Human Capital Social Capital 

Obs. 391 391 391 391 391 391 

Mean 4.769 -3.383 -5.130 -3.756 7.606 5.330 

Std. Dev. 0.188 0.663 1.055 1.146 0.979 0.860 

Coeff. Of Variation 0.039 0.196 0.206 0.306 0.129 0.161 

Min. 3.965 -5.341 -7.418 -11.165 5.478 3.657 

Max. 5.193 -1.753 -2.038 -2.038 10.247 7.799 

Correlation Coefficients 

TFP 1.000 0.405 0.355 0.549 0.577 0.326 

Total R&D  1.000 0.225 0.616 0.586 0.219 

Private R&D   1.000 0.502 0.314 0.184 

Public R&D    1.000 0.550 0.237 

Human Capital     1.000 0.548 

Social Capital      1.000 
Source: Own elaboration. 
Notes: All variables are in logs except for human capital which is expressed in levels. 

 

Fig. 2 presents the spatial pattern for the regional distribution of the above mentioned 
variables. TFP and private stock of R&D seem to follow a random pattern (Fig. 2a, Fig. 
2c). On the other hand, the regions that accumulate more total and public R&D capital 
stocks are spatially dispersed and systematically surrounded by regions with much less 
capital stocks (Fig. 2b, Fig. 2d). The maps show spatial concentration of human capital 
in the Northern regions (Fig. 2e), while social capital concentrates in the Mediterranean 
ones, as well as in Navarra and the Islands (Fig. 2f). 

The geographical distribution of variables shows evidence of possible spatial 
concentration/dispersion patterns that need to be tested statistically. We use the 
classical spatial dependency tests, Moran´s I and Geary´s C tests, and employ a spatial 
weight matrix based on the inverse of the geographic distance between the capitals’ 
regions.12 Results from Table 3 indicate that TFP levels across regions do not present a 
spatial dependence. Additionally, both tests outcomes show significant negative spatial 
correlation for total and public R&D capital stock, and significant positive spatial 
correlation for social and human capital.13 

                                                
12 As a robustness check we have computed spatial dependency tests using different forms of the spatial weight matrix. 
Particularly the use of the inverse distance matrix, the contiguity weight matrix and the inverse square distance 
matrix provide, essentially, very similar results. Results showed in Table 3 correspond to the inverse distance matrix.  
13 When computing human capital spatial dependency tests Madrid has been dropped out from the distance matrix 
since clearly behaves as a significant outlier. We have also carried out all spatial dependency tests with and without 
Madrid in the distance matrix. For the rest of the variables the results obtained are the same in both cases. This 
results are available upon request. 

Eliminado: .¶
¶
¶
¶
¶
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Figure 2: Geographical distribution of TFP and proxies for absorptive 
capacities.  
(a). Total Factor Productivity (b). Total R&D 

  
(c). Private R&D (d). Public R&D 

  
(e). Social capital (f). Human capital 

  
Source: Own elaboration 

Table 3. Spatial Dependence Tests. 
 Moran’s I statistic  Geary’s C statistic 

 I  p-value  C  p-value 

TFP -0.103  0.195  1.052  0.278 

RD Total -0.204  a 0.002  1.244 a 0.002 

RD Public -0.133  b 0.031  1.196 c 0.056 

RD Private -0.077  0.128  1.148 c 0.087 

Human*  0.176 a 0.000  0.835 a 0.010 

Social  0.072 a 0.004  0.790 a 0.001 
* Human capital spatial dependency tests are computed taking Madrid out from the distance matrix. 
Notes: a, b, and c denote parameters significant at 1%, 5% and 10% respectively. The Null hypothesis in both tests is H0: Spatial 
independence. Moran’s I test ranks from -1 to 1, 0 being the value that indicates spatial independence. When values are greater than 
0, the test indicates positive correlation. Geary´s C test values lie between 0 and 2. It reaches the value 1 when there is no spatial 
correlation.  

Eliminado: ¶



 

 
 

10 

 

4. Empirical analysis 

4.1. Model specification 

The starting point of our econometric specification considers a Cobb-Douglas production 
function with neoclassical properties -homogenous of degree 1 and exhibiting diminishing 
marginal returns of each input alone-:  

 ,       (1) 

where Y is the gross value added at 2000 base prices; A is an index of technical 
efficiency (TFP); K stands for the regional stock of physical capital and L is labour 
input; i = 1, …, 17 accounts for the Spanish regions and t = 1, …, 23  represents the 
time horizon 1983-2005.14 

TFP in Eq. (1) is assumed to be a function of the stock of R&D capital, human capital 
and social capital as follows:  

 ,       (2) 

where RD is the stock of R&D capital, SC denotes social capital and H is the stock of 
human capital which takes the form  where h is the average years of 
schooling of the working age population.15 B is the part of technical efficiency not driven 
by the rest of the factors and it depends on regional and time fixed effects. Taking logs 
of Eq. (2) we get: 

 ,   (3) 

where lower-case variables denote logarithms, ηi and ηt denote regional and time–specific 
fixed effects, respectively, to account  for the unobservable factor affecting productivity 
or common shocks. ε is the error term. Our results reported in Table 3 revealed the 
existence of spatial dependency for the independent variables. Then, we expand Eq. (3) 
adding spatially lagged independents variables. This way, we control and account for the 
interaction between different regions. The extended specification is as follows: 

  ,   (4) 

where wij stands for each of the elements of the spatial weight matrix ( ), δ is a 1X3 
vector of coefficients, and X is a 3X1 vector that accounts for the log of R&D, human 
and social capital stocks of all regions different from i (j≠i). We use a normalized spatial 
weights matrix ( ) that contains the inverse distances (in kilometers) between the 
                                                
14 Due to the lack of available data for social capital, the empirical analysis is constrained to the 1983-2005 period. 
15 We have followed Mincer (1974) and Bils and Klenow (2000) in this approach. 
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capitals of any two regions in the computation of spatial lags. This allows us to 
discriminate between neighbouring and distant regions by decreasing the relative weights 
of the farther ones. The idea is that regions are not isolated and the accumulation of 
R&D capital and absorptive capacities exert externalities that influence productivity. 
We employ the inverse distance weighted matrix that assigns weights depending on 
proximity. 

4.2. Econometric strategy 

The estimation of Eq. (3) with panel data techniques is not straightforward. Therefore, 
we should, first, test for the existence of non stationarity in the variables, and 
subsequently for the existence of a cointegration relationship in the specifications. If all 
the variables are cointegrated, the error term follows a stationary process (i.e. it is 
integrated of order zero I(0)). Then, correlations based on long-term relationships are 
not spurious and it is possible to proceed with panel data inference. This empirical 
approach allows us to control for regional heterogeneity by including regional specific 
fixed effects. We include time fixed effects in the estimations to correct for 
macroeconomic shocks that affect TFP for all regions. Table 4 presents the results of the 
unit root tests for the variables in levels and first differences. The tests fail to reject the 
null hypothesis of non-stationarity for all variables except for the spatially lagged social 
capital. Then, it is necessary to test for the existence of unit roots for the variables in 
first differences. Results indicate that all variables in our model are difference-stationary 
and integrated of order one I(1). 

To estimate panel cointegrated regression models we can employ three different 
estimators: the traditional ordinary least squares (OLS), the fully modified ordinary least 
squares (FMOLS) estimator, and the dynamic ordinary least squares (DOLS). Stock and 
Watson (1993) propose the DOLS estimator to avoid the biases implicit in OLS. Kao 
and Chiang (2000) clearly favor the use of the DOLS estimator, over OLS and FMOLS, 
as its results are not affected by the finite samples bias. Therefore, DOLS outperforms 
the other two estimators when working with cointegrated panel regressions.16 The DOLS 
is an ordinary least squares estimator that considers an expanded equation to include 
leads and lags of the explanatory variables’ first differences. This technique controls for 
endogeneity and calculates the standard deviations using a covariance matrix of errors 
that is robust to serial correlation. Finally, we test for the null hypothesis of 
cointegration in the long-term by using Pedroni’s (1999) cointegration tests, which 
include individual fixed effects and time trends. Additionally, cointegration vectors in 
Pedroni´s test vary across units. 

                                                
16 We employ a Cobb-Douglas production function as baseline specification; therefore, problems of endogeneity and 
reverse causality might arise from estimations. If this is the case, the OLS estimator does not offer consistent or 
efficient estimates.  
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Table 4. Unit Root Tests 
Variable LLC  IPS  

PP-
Fisher 

 
ADF-
Fisher 

  Variable LLC  IPS  
PP-

Fisher 
 

ADF-
Fisher 

 

TFP -1.21  0.44  31.46  33.62  ΔTFP -3.19 a -7.25 a 400.4 a 132.9 a 

 (0.11)  (0.67)  (0.59)  (0.50)   (0.00)  (0.00)  (0.00)  (0.00)  

RDTotal -0.11  2.62  7.74  17.23  ΔRDTotal -0.53  -3.49 a 171.2 a 63.9 a 

 (0.46)  (1.00)  (1.00)  (1.00)   (0.30)  (0.00)  (0.00)  (0.00)  

RDPublic -1.49 c 1.62  14.54  23.07  ΔRDPublic -0.19  -3.15 a 220.6 a 55.8 b 

 (0.07)  (0.95)  (1.00)  (0.92)   (0.43)  (0.00)  (0.00)  (0.01)  

RDPrivate 1.36  2.13  9.29  14.09  ΔRDPrivate -2.67  -3.11 a 132.7 a 58.95 a 

 (0.91)  (0.98)  (1.00)  (1.00)   (0.00)  (0.00)  (0.00)  (0.01)  

Human 0.28  0.83  42.19  19.98  ΔHuman 0.83  -5.55 a 381.7 a 101.7 a 

 (0.61)  (0.80)  (0.16)  (0.97)   (0.80)  (0.00)  (0.00)  (0.00)  

Social -0.80  -1.00  83.00 a 41.77  ΔSocial -0.71  -4.35 a 277.9 a 81.31 a 

 (0.21)  (0.16)  (0.00)  (0.17)   (0.24)  (0.00)  (0.00)  (0.00)  

WRDTotal -0.38  1.08  8.31  21.11  ΔWRDTotal -0.02  -1.52 c 130.1 a 35.7  

 (0.35)  (0.86)  (1.00)  (0.96)   (0.49)  (0.06)  (0.00)  (0.39)  

WRDPublic -1.01  3.57  5.86  5.77  ΔWRDPublic -0.19  -2.66 a 214.8 a 47.78 c 

 (0.16)  (1.00)  (1.00)  (1.00)   (0.42)  (0.00)  (0.00)  (0.06)  

WRDPrivate 2.07  1.44  11.11  16.88  ΔWRDPrivate -1.43 c -1.99 b 134.5 a 42.09  

 (0.98)  (0.92)  (1.00)  (0.99)   (0.08)  (0.02)  (0.00)  (0.16)  

WSocial -1.71 b -0.19  54.12 b 46.18 b ΔWSocial -0.18  -4.17 a 299.8 a 78.55 a 

 (0.04)  (0.43)  (0.02)  (0.08)   (0.43)  (0.00)  (0.00)  (0.00)  

WHuman 0.22  0.79  38.28  17.62  ΔWHuman 0.68  -4.15 a 397.4 a 79.46 a 

 (0.59)  (0.78)  (0.28)  (0.99)   (0.75)  (0.00)  (0.00)  (0.00)  

p-values in brackets. 
Note: a, b, and c denote parameters significant at 1%, 5% and 10% respectively. LLC refers to Levin-Lin-Chu; IPS to Im, Pesaran 
and Shin; ADF-Fisherto Fisher Augmented Dickey-Fuller; and PP-Fisherto Fisher Phillips-Perron. All test are carried out with panel 
fixed effects and linear time trend. Cross-sectional means have been removed in order to mitigate the impact of cross-sectional 
dependence. The specified lags of the models are 2. The null hypothesis for all the tests is H0: Unit Root 

 

5. Estimation results. 

Table 5 displays the DOLS estimates and cointegration tests for the baseline model 
described in Eq. (3).17 Pedroni´s cointegration tests reject the null hypothesis of no 
cointegration. These results confirm the existence of a long-run relationship between 
productivity levels and the absorptive capacity variables. Moreover, the elasticities 
report the expected signs and are statistically significant at the conventional level, 
except for the private R&D capital.  

                                                
17 It should be noted that DOLS estimates are affected by the number of leads and lags included in the regression. The 
results presented in Tables 5, 6, and A3 (Appendix) include two leads and two lags. When we checked for the 
sensitivity of the results to alternative leads and lags, estimates of the coefficients underwent only minor changes, and 
the major conclusions remained unaltered. Results are available upon request. 
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Columns 1-4 report the basic specifications without controlling for absorptive capacities. 
Estimations show a positive and significant contribution of R&D on TFP regardless of 
the source of funding. In Column 5 the coefficient on R&D indicates that an increase of 
1% in R&D capital stock increases TFP levels by 0.13% after controlling for human and 
social capital. The same percentage increase in human capital and social capital would 
raise regional TFP by 0.06% and 0.05% respectively. Their effects are positive, although 
small. Columns 6-8 distinguish between different R&D capital stocks, according to their 
nature. Our estimates show that private R&D capital is no longer significant when we 
control for regional absorptive capacities. The absorptive capacities may be capturing 
part of the positive effects of private R&D which is highly intensive in human capital 
and needs strong diffusion networks. When we control for the source of R&D funding 
the magnitude of the coefficients on human capital increase to around 0.1. The 
coefficients on social capital still gravitate around 0.05. These results indicate that the 
effect of additional schooling years on productivity averages 0.1. The variable human 
capital enters the Eq. (3) in levels, therefore, the estimations results must be interpreted 
as semi-elasticities. For example, one additional year of schooling of the working age 
population will boost productivity by 0.1%. These results are similar to those reported 
by Dettori et al. (2012) for the EU regions, and by Engelbrech (1997) and Frantzen 
(2000) for the OECD economies.  

Table 5. Estimation results. DOLS estimator without spatial spillovers. 
 (1)  (2)  (3)  (4)  (5)  (6)  (7)  (8)  

RDTotal 0.182 a       0.127 a       

 (0.044)        (0.034)        

RDPublic   0.066 a 0.084 a     0.066 a 0.097 a   

   (0.012)  (0.016)      (0.009)  (0.011)    

RDPrivate   0.055 a   0.071 a   0.011    0.015  

   (0.023)    (0.023)    (0.026)    (0.027)  

Human         0.063 a 0.095 a 0.090 a 0.123 a 

         (0.021)  (0.021)  (0.021)  (0.022)  

Social         0.053 a 0.032 b 0.065 a 0.049 a 

         (0.016)  (0.014)  (0.017)  (0.015)  

                 

Pedroni’s (1999) co-integration Tests (1) 

Panel ν-Statistic -0.913  -1.407  -0.538  -0.776  -1.252  -0.341  -0.063  -0.163  

Panel ρ-Statistic 1.924  1.883  2.076  2.394  2.713  2.509  2.034  1.538  

Panel t-Statistic (PP) -0.618 c -1.431 b -1.076 b -2.011 a -0.717 c -3.260 a -1.741 b -2.991 a 

Panel t-Statistic(ADF) -1.946 a -2.134 a -2.784 a -2.499 a -1.413 a -4.619 a -3.233 a -2.303 a 

Group ρ-Statistic 2.944  3.512  3.161  3.448  3.937  4.192  3.691  3.354  

Group t-Statistic (PP) -3.044 a -2.837 a -3.610 a -3.100 a -2.448 a -5.975 a -2.943 a -3.320 a 

Group t-Statistic (ADF) -5.042 a -5.437 a -4.761 a -4.995 a -4.737 a -6.434 a -6.314 a -4.882 a 

Dependent variable: log TFP; DOLS estimation with 2 lags and 2 leads. Time period: 1983-2005. 17 regions. 
Notes: a, b, c denote parameters significant at 1%, 5% and 10% respectively. Unreported time and region specific fixed effects 
included. All variables are in logs except for Human capital which is in levels. Standard error in brackets.  
(1) The Null hypothesis is H0: No co-integration. The co-integration tests include individual fixed effects and heterogeneous trends. 
Number of lags used for the co-integration tests according to AIC criteria. 
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Table 6 reports the estimates of the extended model presented in Eq. (4) which support 
the cointegration hypothesis. We capture the interactions between regions by including 
the spatial lags of the explanatory variables. Column 1 shows that the coefficient on 
total R&D capital stock remains unchanged compared to the baseline estimation in 
Table 5. The impact of private R&D capital stock is still positive but non-significant 
(columns 2-3). The coefficients on public R&D capital stock (columns 6-7) remain 
significantly positive although their values have decreased compared to Table 5. The 
consideration of spatial dependence across Spanish regions increases the effect of 
absorptive capacities on productivity levels.18 Now, the estimates for human capital 
range between 0.198-0.252. Meanwhile, the elasticities for social capital have increased 
from 0.05 to 0.15. 

We find evidence of positive spatial spillovers effects from total and public R&D capital 
stocks ( columns 5-7). In particular, an increase of 1% in the stock of total R&D capital 
in the neighbouring regions increases productivity levels by 0.5%. Meanwhile, the impact 
of the stock of public R&D capital is around 0.3%. These results are in line with those 
obtained by Bronzini and Piselli (2009). The estimations report negative and significant 
spatial spillovers coming from human and social capital, the proxies for absorptive 
capacities. Estimates for the human capital variable spatially lagged lay between -0.203 
and -0.271, while the ones for social capital range from -0.152 to -0.298. These results are 
robust to different specifications and are in line with previous empirical findings. Olejnik 
(2008) and Fischer et al. (2009), using different proxies for human capital, find that the 
accumulation of human capital exerts a negative spatial effect on GDP per capita for the 
European NUTS2 regions. For the Spanish regions Ramos et al. (2010) identify a 
negative effect of tertiary studies on the neighbouring’s region growth. As a robustness 
check we estimate Eq. (4) including time lagged values of the R&D variables. The effects 
of innovative activities on productivity might be delayed and it also helps to mitigate a 
possible bias due to endogeneity. Table A3 on the appendix displays the results. We can 
observe that coefficients remain stable in terms of correlations and significance. 

 

 

 

 

                                                
18 Although we have opted to show the results computed using the inverse distance matrix, we have also considered 
others alternatives, in particular the contiguity distance matrix and the inverse square distance matrix. Results 
obtained with these matrices are in line with those presented in the paper and are available from the authors upon 
request. 
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Table 6. Estimation results. DOLS estimator with spatial spillovers. 
 (1)  (2)  (3)  (4)  (5)  (6)  (7)  (8)  

RDTotal 0.188 a       0.123 a       

 (0.041)        (0.030)        

RDPublic   0.062 a 0.084 a     0.039 a 0.040 a   
   (0.011)  (0.012)      (0.009)  (0.009)    

RDPrivate   0.055    0.070 c   0.009    0.005  

   (0.035)    (0.037)    (0.027)    (0.027)  

Human         0.238 a 0.248 a 0.252 a 0.198 a 

         (0.055)  (0.051)  (0.055)  (0.052)  

Social         0.141 a 0.144 a 0.140 a 0.163 a 

         (0.037)  (0.034)  (0.037)  (0.035)  

W_RDTotal 0.114 c       0.583 a       

 (0.061)        (0.080)        

W_RDPublic   0.006  0.062 b     0.293 a 0.267 a   

   (0.038)  (0.028)      (0.029)  (0.031)    

W_RDPrivate   0.010    -0.007    -0.051    -0.055  

   (0.050)    (0.044)    (0.053)    (0.052)  

W_Human         -0.271 a -0.203 a -0.245 a -0.217 a 

         (0.062)  (0.060)  (0.060)  (0.059)  

W_Social         -0.294 a -0.298 a -0.260 a -0.152 a 

         (0.041)  (0.038)  (0.040)  (0.038)  

                 

Pedroni’s (1999) co-integration Tests (1) 

Panel ν-Statistic -2.016  -1.884  -2.412  -1.734  -2.619  -2.004  -1.143  -1.206  

Panel ρ-Statistic 3.275  3.826  3.533  4.279  3.613  4.076  3.201  2.394  

Panel t-Statistic (PP) -2.754 a -3.173 a -3.716 a -3.072 a -0.637 a -7.393 a -4.517 a -3.255 a 

Panel t-Statistic(ADF) -2.118 a -4.134 a -3.331 a -2.731 a -1.217 a -5.534 a -3.163 a -2.794 a 

Group ρ-Statistic 3.916  4.527  4.134  4.911  4.996  5.363  4.499  4.076  

Group t-Statistic (PP) -4.573 a -4.081 a -6.417 a -5.407 a -4.013 a -12.960 a -7.361 a -3.546 a 

Group t-Statistic (ADF) -4.011 a -5.431 a -5.071 a -4.792 a -3.439 a -7.781 a -5.188 a -3.536 a 

Dependent variable: log TFP; DOLS estimation with 2 lags and 2 leads. Time period: 1983-2005. 17 regions. 
Notes: a, b, c denote parameters significant at 1%, 5% and 10% respectively. Unreported time and region specific fixed effects 
included. All variables are in logs except for Human capital which is in levels. Standard error in brackets. Spatially lagged variables 
denoted by W_ are computed using the inverse of the standardized distance as distance matrix. 
(1) The Null hypothesis is H0: No co-integration. The co-integration tests include individual fixed effects and heterogeneous trends. 
Number of lags used for the co-integration tests according to AIC criteria. 

 

6. Conclusions 

We find econometric evidence that supports a long-run relationship between TFP levels 
and the stock of R&D capital for the Spanish regions. However, the effect is small and 
only significant for the stock of R&D coming from public funding -that encompasses 
research activities carried out by universities and public R&D centres-. When we control 
for the regional stock of human and social capital our results show that the absorptive 
capacities contribute to foster regional productivity gains. A relevant implication of the 
results is that productivity levels are being affected by spatial determinants. There is an 



 

 
 

16 

important positive spatial spillover arising from public R&D capital. By contrast, spatial 
externalities from human and social capital turn out to be negative. These results are 
robust to different specifications. If regions compete to accumulate human and social 
capital, or if the educated population migrates, the home region will be in a worst 
relative position. Then, a negative spatial autocorrelation may occur when competition 
across regions offsets cooperative processes.  

From an economic policy perspective the low productivity of the Spanish economy and 
its regional differences should occupy the current and future economic agenda. In Spain 
private R&D highly concentrates in few regions and its spillovers are geographically 
bounded. Future work should focus on a micro-perspective to exploit firm-level data 
across industries and regions. In this context, the EU R&D program clearly reflects a 
new perspective for the use of EU structural funds. The introduction of the program 
‘Smart Specialisation Strategy’ for the period 2014-2020 supports investments in sectors 
in which regions have a competitive advantage and to foster public and private 
partnerships. It supposes a break with previous EU strategies for funding as it targets 
key growth sectors by adapting policies to territorial specificities. In sum, the EU 
reformed cohesion policy aims to promote specific programs in which the role of new 
social networks, trust and information flows as intangible factors is enhanced.  
 

7. Appendix 

Table A1. Standardized Inverse Distance Matrix. 
 And Ara Ast Bal Can Cant C-L C-M Cat VC Ext Gal Mad Mur Nav BC Rio 

And 0 0.050 0.048 0.040 0.023 0.046 0.066 0.099 0.039 0.059 0.185 0.049 0.082 0.074 0.045 0.048 0.050 

Ara 0.030 0 0.043 0.051 0.009 0.061 0.060 0.058 0.075 0.078 0.035 0.030 0.070 0.047 0.134 0.096 0.122 

Ast 0.036 0.053 0 0.029 0.012 0.143 0.112 0.057 0.034 0.038 0.048 0.105 0.064 0.033 0.068 0.090 0.080 

Bal 0.040 0.084 0.039 0 0.015 0.046 0.048 0.056 0.155 0.123 0.041 0.032 0.058 0.086 0.063 0.055 0.060 

Can 0.083 0.057 0.061 0.054 0 0.057 0.064 0.068 0.052 0.060 0.077 0.066 0.065 0.065 0.056 0.057 0.058 

Cant 0.027 0.061 0.115 0.027 0.009 0 0.088 0.047 0.035 0.036 0.035 0.049 0.056 0.029 0.100 0.167 0.120 

C-L 0.039 0.060 0.090 0.029 0.010 0.089 0 0.092 0.033 0.043 0.057 0.056 0.118 0.037 0.067 0.089 0.091 

C-M 0.055 0.054 0.043 0.031 0.010 0.045 0.086 0 0.032 0.057 0.079 0.035 0.265 0.055 0.047 0.051 0.056 

Cat 0.035 0.112 0.042 0.140 0.013 0.053 0.050 0.052 0 0.095 0.037 0.032 0.057 0.061 0.082 0.067 0.072 

VC 0.044 0.096 0.038 0.091 0.012 0.045 0.054 0.075 0.078 0 0.046 0.030 0.078 0.134 0.061 0.056 0.063 

Ext 0.155 0.048 0.054 0.034 0.018 0.049 0.080 0.119 0.035 0.052 0 0.056 0.095 0.058 0.046 0.050 0.052 

Gal 0.051 0.051 0.147 0.033 0.019 0.085 0.097 0.066 0.037 0.042 0.069 0 0.068 0.040 0.059 0.069 0.066 

Mad 0.043 0.061 0.045 0.031 0.009 0.050 0.104 0.249 0.033 0.055 0.060 0.035 0 0.048 0.053 0.059 0.067 

Mur 0.065 0.069 0.039 0.076 0.016 0.044 0.055 0.087 0.060 0.160 0.061 0.034 0.081 0 0.048 0.051 0.055 

Nav 0.022 0.109 0.045 0.031 0.008 0.083 0.055 0.041 0.044 0.041 0.027 0.028 0.050 0.027 0 0.185 0.206 

BC 0.020 0.066 0.050 0.023 0.007 0.117 0.062 0.038 0.031 0.031 0.025 0.028 0.047 0.024 0.157 0 0.276 

Rio 0.020 0.083 0.044 0.024 0.006 0.083 0.062 0.041 0.033 0.035 0.025 0.026 0.052 0.026 0.171 0.270 0 

Source: Own elaboration. 
Notes: This distance matrix is the inverse of the standardized geographical distance between regional capitals. Bilateral distances 
correspond to the great-circle distance (the shorter distance between any two points on the surface of a sphere) between regional 
capitals. 

Con formato: Espacio
Después:  0 pto, Interlineado:  
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Table A2. R&D participation in physical capital by financial source  
 Private R&D /stock of capital (in %) Public R&D /stock of capital (in %) 

 1980 2007 
Average 

1980-
2007 

Average 
1980-
1994 

Average 
1995-
2007 

1980 2007 
Average 
1980-
2007 

Average 
1980-
1994 

Average 
1995-
2007 

Andalusia (And) 0.41 1.03 0.71 0.61 0.83 0.86 2.09 1.47 1.16 1.84 

Aragon (Ara) 0.26 1.34 0.76 0.50 1.04 0.67 1.06 0.96 0.87 1.07 

Asturias (Ast) 0.32 1.23 0.66 0.50 0.82 0.56 1.66 1.10 0.77 1.47 

Balearic Islands (Bal) 0.04 0.18 0.11 0.11 0.11 0.19 0.80 0.45 0.29 0.64 

Canary Islands (Can) 0.04 0.40 0.17 0.10 0.25 0.64 1.50 1.06 0.84 1.31 

Cantabria (Cant) 0.05 0.98 0.40 0.16 0.65 0.81 1.75 1.35 1.10 1.64 

Castile and Leon (C-L) 0.29 1.59 0.70 0.48 0.94 0.49 1.55 1.01 0.70 1.37 

Castile-La Mancha (C-M) 0.32 0.69 0.71 0.55 0.90 0.05 0.66 0.30 0.11 0.51 

Catalonia (Cat) 0.91 3.23 2.02 1.51 2.59 0.53 1.68 1.03 0.75 1.35 

Valencian Community (VC) 0.10 1.21 0.55 0.29 0.82 0.56 2.20 1.23 0.82 1.70 

Extremadura (Ext) 0.09 0.35 0.19 0.16 0.22 0.32 1.49 0.74 0.47 1.06 

Galicia (Gal) 0.12 1.15 0.44 0.23 0.65 0.49 1.91 1.14 0.75 1.60 

Madrid (Mad) 3.07 4.50 4.51 4.42 4.67 3.28 3.36 3.89 3.98 3.79 

Region of Murcia (Mur) 0.14 0.94 0.51 0.32 0.73 0.95 1.37 1.33 1.26 1.41 

Navarre (Nav) 0.38 2.94 1.22 0.75 1.72 0.00 1.50 0.60 0.19 1.07 

Basque Country (BC) 1.15 4.73 2.93 2.12 3.84 0.36 1.30 0.75 0.54 0.99 

La Rioja (Rio) 0.09 1.48 0.53 0.24 0.84 0.08 0.85 0.35 0.14 0.58 

Spain 0.71 2.24 1.49 1.16 1.86 0.79 1.91 1.36 1.07 1.69 
Source: Own elaboration. 
Notes: Data are available from BD.MORES (b2000) database. 
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Table A3. Estimation results. DOLS estimator with lagged variables and 
spatial spillovers. 

 (1)  (2)  (3)  (4)  (5)  (6)  (7)  (8)  

L1.RDTotal 0.113 a       0.108 a       

 (0.034)        (0.030)        

L1.RDPublic   0.055 a 0.054 a     0.030 a 0.033 a   

   (0.011)  (0.011)      (0.009)  (0.009)    

L1.RDPrivate   0.014    0.016    0.008    0.006  

   (0.028)    (0.028)    (0.027)    (0.028)  

Human 0.070 a 0.098 a 0.111 a 0.123 a 0.251 a 0.256 a 0.261 a 0.199 a 

 (0.021)  (0.024)  (0.021)  (0.024)  (0.055)  (0.052)  (0.056)  (0.053)  

Social 0.047 a 0.064 a 0.050 a 0.051 a 0.146 a 0.144 a 0.141 a 0.162 a 

 (0.016)  (0.016)  (0.017)  (0.016)  (0.037)  (0.034)  (0.037)  (0.035)  

L1.W_RDTotal         0.544 a       

         (0.075)        

L1.W_RDPublic           0.286 a 0.272 a   

           (0.029)  (0.031)    

L1.W_RDPrivate           -0.063    -0.048  

           (0.054)    (0.055)  

W_Human         -0.247 a -0.216 a -0.254 a -0.225 a 

         (0.062)  (0.062)  (0.060)  (0.062)  

W_Social         -0.319 a -0.299 a -0.277 a -0.140 a 

         (0.041)  (0.038)  (0.041)  (0.038)  

                 

Pedroni’s (1999) co-integration Tests (1)            

Panel ν-Statistic -1.827  -0.640  -0.630  -0.481  -2.112  -2.285  -2.196  -1.288  

Panel ρ-Statistic 2.829  2.060  2.076  1.622  3.619  4.147  3.343  2.724  

Panel t-Statistic (PP) -0.542 b -3.546 a -1.967 a -2.732 a -1.083 a -7.382 a -2.672 a -2.468 a 

Panel t-Statistic (ADF) -0.938 a -4.450 a -2.888 a -2.668 a -4.803 a -5.105 a -1.944 b -2.744 a 

Group ρ-Statistic 3.805  3.843  3.500  3.203  5.007  5.386  4.574  4.050  

Group t-Statistic (PP) -2.584 a -4.180 a -3.461 a -3.374 a -3.675 a -11.438 a -5.880 a -4.332 a 

Group t-Statistic (ADF) -5.406 a -7.361 a -6.479 a -6.557 a -5.474 a -5.746 a -3.603 a -6.143 a 

Dependent variable: log TFP; DOLS estimation with 2 lags and 2 leads. Time period: 1983-2005. 17 regions. 
Notes: a, b, c denote parameters significant at 1%, 5% and 10% respectively. Unreported time and region specific fixed effects. 
All variables are in logs except for Human capital which is in levels. Standard error in brackets. Spatially lagged variables 
denoted by W_ are computed using the inverse of the standardized distance as distance matrix. Temporal lagged variables 
denoted by L1. 
(1) The Null hypothesis is H0: No co-integration. The co-integration tests include individual fixed effects and heterogeneous 
trends. Number of lags used for the co-integration tests according to AIC criteria. 
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