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Economic theory emphasizes that pursuing risk sharing allows to exploit benefits from comparative advantages 

and economies of scale. Unlike previous works we test (and reject) the assumption of parameter homogeneity 

across geographical units in measuring risk sharing. The estimated regional-specific index of risk sharing is then 

used as a covariate in a model of industrial specialization for the EU15 regions. By estimating a number of 

nonparametric additive spatial autocovariance models, allowing for nonlinearities and spatial dependence, we 

show that industrial specialization is positively affected by risk sharing measures even when we control for 

other relevant regressors. 
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Most observers from academic and political circles posit that economic integration is likely to bolster 

asymmetric developments and differences in growth rates across economies. The theoretical underpinnings 

motivating this view are provided by international trade models. In that setup, economic integration is expected 

to promote higher specialization by exploiting comparative advantages in technology or endowments or 

throughout economies of scale and agglomeration effects (Helpman and Krugman, 1985; Krugman, 1991; 

Fujita et al., 1999), leading, thus, higher vulnerability to idiosyncratic shocks. An alternative perspective calls 

attention to the idea that competitive forces stimulated by growing integration of markets and liberalization of 

capital flows, may induce an increasingly similarity of economic systems (Frankel and Rose, 1998). On the 

grounds of these theoretical disputes, assessing the ultimate effects of economic integration on the patterns of 

the spatial location of economic activity and their concentration across sectors is of a predominantly empirical 

nature. This is only part of the whole story, however. Factor mobility and an effective central redistributive 

system might act as inter-regional insurance mechanisms and, thus, “protect” the economic environment 

against idiosyncratic shocks, even in the presence of diverging economic structures. 

In recent years, a number of studies have focused on explaining specialization patterns in European 

regions (Molle, 1997; Hallet, 2002) and their effects on income inequality (Ezcurra et al., 2004) and on 

economic growth (Marelli, 2007). Yet to date, there has been no comprehensive study on the effects of cross-

regional insurance mechanisms on the degree of specialization in the context of the EU15 regions. This paper 

is an attempt to fill this gap. Understanding whether cross-regional insurance mechanisms guarantees a sizable 

degree of specialization is of primary importance for academics and policy makers. As suggested by the 

predictions of theoretical models of Greenwood and Jovanovic (1990), Acemoglu and Zilibotti (1997) and 

Feeney (1997), indeed, specialization may have potentially relevant consequences in boosting economic growth. 

Thus, the evidence of a positive effect of insurance mechanisms on specialization may question the very 

foundations of this class of theoretical contributions and may provide pervasive argumentations in favouring 

the evolution of the European institutional framework towards a paradigm with greater reliance on capital 

markets and redistributive fiscal transfers as sources of risk mitigation and of better opportunities for economic 

growth. 
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Our investigation is intimately related to the paper by Kalemli-Ozcan et al. (2003), which represents, to 

the best of our knowledge, the unique empirical evidence on the relationship between industrial specialization 

and degree of cross-regional insurance to date. By adopting a three-stepped empirical strategy, these authors 

provide a measure of the degree of insurance among members (regions or countries) of a number of risk 

sharing groups, calculate an index of industrial specialization for each member within a group, and test whether 

data support a positive relationship between degree of insurance within a group and specialization. Using both 

income- and consumption-based measures of insurance and controlling for possible endogeneity bias as well as 

for other regressors that might potentially affect specialization, they demonstrate that this relation is positive, 

statistically significant and robust with respect to a number of alternative specifications of the empirical design. 

The critical difference between the work cited above and our study is three-fold. �����, we choose a 

genuine regional perspective so as to asses whether risk sharing positively affects industrial specialization 

measures. We argue that the need for cross-regional insurance mechanisms in the presence of the ongoing 

process of economic integration in Europe is more critical at a regional (NUTS2) level according to two main 

considerations: i) even in the presence of a well established empirical regularity of little international risk 

sharing (the so-called “home bias” phenomenon pointed out firstly by French and Poterba, 1991), cross-

regional insurance mechanisms may hold at a less aggregate level, since the degree of social and economic 

cohesion within countries is probably higher than between countries (Cochrane, 1991); ii) regional economies 

are more vulnerable to external shocks and the probability that sector-specific shocks are asymmetric is much 

higher at a regional level (De Nardis et al., 1996). �
�
��, unlike previous works (Asdrubali et al. 1996; Sørensen 

and Yosha, 1998; Kalemli-Ozcan et al. 2003), we allow for possible heterogeneity in absorbing production risk 

across regional units. It is widely recognized that structural characteristics of regional economies are much 

more differentiated than countrywide economic systems, so that even the average productive structures of two 

countries appear similar, regional specialization patterns may heavily differ. To a similar extent, their capabilities 

in buffering production risk are expected to vary across regions. The estimates will show, in fact, that the 

assumption of parameter homogeneity in the regression used to obtain region-specific measures of risk sharing 

is strongly rejected, albeit clear country patterns are detected. �����, in our empirical model of regional 

specialization we allow for both spatial externality effects and nonlinearity in the functional form of the 

regression equations. As for spatial spillovers, there is widespread consensus among economic theorists that 

market proximity affects decisions on industrial location and productive specialization, calling for a modelling 

approach able to capture possible linkages among regions so as to take into account the spatial dimension of 
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the problem (Midelfart-Knarvik et al., 2001). Furthermore, we cannot assume that the effect of risk sharing and 

of the other determinants of regional specialization is globally linear. For example, a number of works 

(Kalemli-Ozcan et al. 2003; Imbs and Wacziarg, 2003; Ezcurra et al., 2004) suggests the existence of a strong 

nonlinearity between specialization and the degree of regional development measured by per capita GDP 

levels. Thus, abandoning the assumption of global linearity not only may allow avoiding possible 

misspecification problems as well as shedding light on nonlinearity and interaction effects which could be 

useful to sharpen our understanding of specialization patterns across European regions. 

The paper is structured as follows. After this Introduction, we present the possible causative 

determinants of industrial specialization patterns in Section 2. Next, we illustrate in Section 3 data sources and 

the variables involved in the empirical model as well as details on our estimated region-specific measures of risk 

sharing . The econometric methodology and estimation results are presented in Section 4. Final remarks and 

bibliographic notes conclude. 
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While the role of cross-regional insurance mechanisms as a possible driver of industrial specialization has been 

neglected up to the paper by Kalemli-Ozcan et al. (2003), other causative factors have been widely employed in 

this strand of literature. In keeping with the most recent empirical contributions, we include measures of the 

level of I) 
#!
���
� �
� ���$ (namely, risk sharing and asymmetric risk); II) �
��
%
�
�
 ��� �
�����
�� (degree of  

development and the size of the economy); III) ������������������
������� of the manufacturing sector (its share over 

total GVA and the degree of trade integration) as causative determinants of the sector concentration of 

productive structures in European regions. Here is a discussion of these candidate explanatory factors.  

&��$�������'. Economic theory points out that pursuing risk sharing makes it possible to benefit of new 

economic opportunities (Obstfeld, 1994; Murdoch, 1995) and comparative advantages (Helpman, 1981). When 

individuals are unable to borrow or insure, indeed, they tend to increasingly mitigate risk choosing safer 

production techniques or forsaking specialization towards a more sectorally diversified bucket of productions 

(self-insurance). By contrast, well-functioning cross-regional insurance markets constitute a central mechanism 

to smooth idiosyncratic shocks without necessarily implying self-insurance. A first channel to achieve cross-

regional insurance is the existence of an efficient system of redistributive fiscal transfers (such as 



 [4] 

unemployment benefits), which allows to spread production risk among regions and to reach a higher degree of 

specialization by exploiting otherwise idle comparative advantages.1 Finance literature suggests portfolio 

diversification as another viable channel to insure against asymmetric shocks. If interregional and international 

capital markets are well integrated, both ex-ante and ex-post inter-regional insurance may operate (Asdrubali et 

al., 1996): while the former involve holding debt or equity claims to the output of productive assets in other 

country/regions, ex-post adjustment of asset portfolios concerns borrowing and lending on inter-regional 

credit markets in response to shocks.2 

���  
����� ���$. Kalemli-Ozcan et al. (2003) point out that in the case of complete markets and a 

number of technologies (at least) equal to the one of regions, full risk sharing can be achieved. Under the 

hypothesis of no aggregate uncertainty, that is when technologies do not share common shocks, indeed, every 

region can eliminate GDP variability altogether. Accordingly, each region will specialize in a different 

technology so as to fully exploit the economies of scale in production. Given that assumption, regional income 

and consumption will be non-stochastic. By contrast, when only partial cross-regional insurance can be 

achieved, it is reasonable to expect a negative association between the degree of asymmetric production risk 

(that is fully uninsurable idiosyncratic risk) and specialization indexes. 

���'
� 
�� �
(
�
! 
��. A recent body of literature posits that specialization is likely to change over the 

development path in a non-monotonic way. In Imbs and Wacziarg (2003), the link between overall 

specialization and the level of income per capita follows a U-shaped pattern: at low levels of per capita income 

economies are forced to specialize in natural resources; subsequently they diversify (reducing their degree of 

overall specialization) but re-specialize once a (relatively high) level of income per capita is reached. Such a 

finding can be rationalized within models featuring stages of specialization, which are endogenous to both trade 

and economic growth (Saint-Paul, 1992). By contrast, Kim (1995) documents an inverted U-shaped 

relationship for the US regions: in the early stages of national growth a steady increase in regional specialization 

is observed; after that a decrease in specialization takes place. De Benedictis et al. (2006) reach similar 

conclusions. These studies suggests a two-fold consideration: first, the relationship between specialization 

                                                   
1 For instance, in the US when income in a region falls by one dollar, disposable income falls by 60 cents, where the difference is due to 

Federal government transfers (Sala-i-Martin and Sachs, 1992). 

2 As pointed out by Mélitz (2004), however, broadening the concept of risk sharing to include credit markets is theoretically controversial 

since this form of insurance takes place after the realization of the shock. This criticism notwithstanding, in a number of previous works 

such a broader interpretation has been adopted (see, Kraay and Ventura, 2002, among others). 
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measures and income per capita levels is likely to be nonlinear; second, the shape of such nonlinearity is 

ambiguous and, thus, it should be object of empirical scrutiny. 

��"
� 
�� ��
� 
�
�
 �. In accordance with the message of the new economic geography paradigm 

(Krugman, 1991; Venables, 1996; Fujita et al., 1999), while agglomeration economies (such as market size 

effects) may promote diversification throughout the attraction of different industries to larger regions, there 

may be counterforces at work in certain sectors, which would tend to increase the level of specialization in 

larger regions. Kalemli-Ozcan et al. (2003), instead, justify a negative effect of economic dimension on the 

grounds of demographic argumentations (for instance, heterogeneity of the population) as well as within-region 

geophysical characteristics (that is climate, landscape, and natural resources). Admitting a possible role for the 

latter class of factors would be also consistent with the idea of regional productive structures, which depend on 

their natural endowment, at least in their early stage of development (Imbs and Wacziarg, 2003). The empirical 

evidence is mixed as well, with estimation findings depending on the methodology adopted and on the dataset 

used. For instance, Kalemli-Ozcan et al. (2003) and Ezcurra et al. (2004) find that the expected negative 

relationship is empirically confirmed; by contrast, Imbs and Wacziarg (2003) document that the size of the 

economy does not exert a role in explaining specialization patterns. 

����
����
'����
�. According to Krugman (1993) increasing trade integration implies higher specialization 

and, thus, higher risks of idiosyncratic shocks. However, for the European Commission (1990), trade openness 

and closer integration leads to less frequent asymmetric shocks and to more synchronized business cycles 

between countries/regions. On the grounds of such a theoretical controversy on whether EU-fostered trade 

integration is bringing about homogeneous or heterogeneous specialization patterns across Europe, a trade 

integration measure among the EU15 regions appears to be an ineludible candidate as an additional control 

regressor in the main equation. 

����
�
����
� �����������'��
��
�. A further candidate explanatory variable is the share of manufacturing on 

total output. Economic intuition suggests that when the size of manufacturing is relatively small with respect 

other economic sectors, regions are likely to be specialized in a few sectors; by contrast, when the share of 

manufacturing on total GVA gets larger, regions may afford a broader bucket of industrial productions. Along 

these lines of reasoning, the overall effect of the share of the secondary sector on total output on the degree of 

industrial specialization is expected to be negative. 
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Three caveats should be addressed before starting the econometric investigation. �����, in the empirical 

literature, various indicators of specialization have been proposed. None of these measures can be said to be 

optimal, however.3 �
�
��, several candidate observational variables (such as value added, export and 

employment) can be taken into account. While the use of employment shares implies observing specialization 

from the input standpoint, the choice of production quantities (value added or export) means taking an output-

based perspective. �����, the scale of the spatial unit of analysis may also be of importance (Ezcurra et al., 2004; 

Midelfart-Knarvik et al., 2001; Marelli, 2007). 

Given the alternatives, we use sector employment shares to construct an indicator of overall 

specialization. Employment shares are computed using annual data at the NUTS-2 level for 144 European 

regions belonging to the EU15 countries (see Appendix 1) over the period 1995-2005. We use employment 

data rather than production data, because they are less sensitive to valuation problems. Moreover, such a choice 

has been driven by a data availability problem. Eurostat Regio dataset provides indeed information on the 

number of employees at two-digit level of the classification of economic activity for the period 1995-2005 (see 

Appendix 2). Any other source of data (such as, for instance, Cambridge Econometrics) provides employment 

or GVA regional data at a more aggregate sectoral level and/or over a shorter temporal window. 

Our preferred specialization measure is an index of the position of the distribution of Balassa index. 

Such a proxy of regional specialization has the advantage of being directly derived from a measure of sectorial 

revealed comparative advantages (RCA) as documented by De Benedictis and Tamberi (2004). Formally: 

/is i
i

s

E E
y Me

E E
 

= -  
 

         (1) 

where i  denote the region and s  indexes the sector; isE  stands for average employment in the s -th sector 

for the i -th region over the period 1995-2005, iE  is the average overall employment in the i -th region; sE  

indicates the employment in the s -th sector in Europe, while E  is the overall European employment. Since 

                                                   
3 For instance, Imbs (2001) uses a correlation coefficient between sector shares in aggregate output or employment, Amiti (1999) and 

Kim (1995) employ the Gini index, while Krugman (1991) and Clark and van Wincoop (2001) resort a Her.ndahl index of concentration. 

See Combes and Overman (2003) for a detailed discussion on specialization measures. 
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the RCA index follows an asymmetric distribution (with a fixed lower bound, 0, and a variable upper bound, 

/ iE E ), its median ( Me ) turns out to be the most appropriate indicator of the distribution position. When iy  

is low (high), an economy does (not) show a comparative advantage in a large share of sectors and its 

productive structure is therefore (not) diversified. So, we use the opposite median as a direct measure of 

specialization. Given that index (1) remains an uncommon specialization measure, we report the correlation 

matrix of iy  along with a number of alternative measures of specialization (Table 1). All indexes are statistically 

significant at the 5 percent level of significance using Fisher’s z  transformation, irrespective of whether the 

Pearson method (Table 1a) or the Spearman one (Table 1b) is taken into account. 

[Table 1 about here] 
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Annual data over the period 1980-2003 for GDP values at 1995 euros, levels of population, manufacturing and 

total gross value added (GVA) for our sample of 144 European NUTS2 regions are taken from the Cambridge 

Econometrics database.4  

&
'�
�%�!
������ ���$�������'� ���
#. Following Asdrubali et al. (1996), an index of cross-regional insurance 

can be computed by estimating: 

it it t it itgdp c gdpD - D = a + bD + x        (2) 

where D is the first difference operator, itgdp  ( itc ) is the logarithm of real per capita GDP (consumption) at 

time t  for region i , ta  is a vector of time fixed effects, itx  is a vector of error terms and 

1,..., ( 144)i N= =  and 1981,..., 2003t = . The values for the index of risk sharing, b , are expected to lie 

in the [0,1] interval: when 1b =  full risk sharing is achieved; when 0b =  there is no inter-regional insurance 

at all. Equation (2) is intended to capture overall insurance mechanisms (i.e. both ex-ante and ex-post inter-

regional insurance).5 We estimate model (2) by Least Squares Dummy Variables (LSDV) and Seemingly 

                                                   
4 As in Kalemli-Ozcan et al. (2003), specialization measures and candidate explanatory variables are computed on partially overlapping 

temporal windows. Moreover, in order to limit measurement error problems in the estimation of our proxy of risk sharing, we use the 

longest time span available from Cambridge Econometrics data sources. 

5 Even though both mechanisms may be relevant for specialization decisions, on the grounds of the well-documented dominance of 

bank-based over market-based financial markets in Europe, ex-post portfolio adjustment should be the most appropriate way to deal 

inter-regional insurance. However, the lack of regional data on real per capita disposable income and temporal slightness of regional per 
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Unrelated Regression (SUR) techniques. The LSDV or fixed effects coefficient ˆ LSDVb  turns out to be 0.421 

and significantly different from zero (at the 1 percent significance level), giving support to the risk sharing 

hypothesis in the case of European regions. The magnitude of ˆ LSDVb  is remarkably higher than the estimates 

documented in the literature hitherto, in a way consistent with the idea of higher risk sharing taking place when 

smaller geographical units are taken into account (Cochrane, 1991). Although the variable intercept model 

accommodates spatial heterogeneity to a certain extent, it still imposes the restriction of common slopes for all 

the regional units. Thus, we investigate the impact of the cross-sectional heterogeneity on the LSDV results by 

estimating N  separate equations by OLS, with the observations stacked by spatial unit over time (under the 

assumption that slope parameters ib  are fixed distributed between spatial units). The F-test rejects the null 

hypothesis of common slopes (the value of the F statistics is 4.154, with p-value of 0.000). The magnitude of 

statistically significant coefficients ranges from 0.157 to 1.000. The average of the estimated ˆ OLSb is 0.521, 

which is even higher than the LSDV results. Even though the unconstrained model appears as the most 

suitable for estimation of model (2), the OLS estimations may be a¤ected by cross-sectional correlation. Thus, 

in order to increase the efficiency of the estimates, we make use also of SUR techniques.6 In all entities of 

reference, the estimated parameters turn out to be statistically di¤erent from zero at the 5 percent significant 

level or better, with an estimated average value of ˆ SURb  equal to 0.528. Finally, the correlation coe¢cient 

between OLS-based and SUR-based measures of risk sharing is remarkably high (0.919) and statistically 

significant at the 1 percent level. Figure 1a reports the regional distribution of ˆ SUR
ib ’s: higher values are 

concentrated in Italy, Austria, Ireland and Luxemburg while lower values are concentrated in Spain, Portugal, 

France and the Netherlands. A country pattern is therefore clearly evident. In Figure 2b, instead, we present 

their regional distribution computed as deviations from country means.  

[Figure 1 about here] 

*��
�� �
�
� ������. Besides a regional risk-sharing index, our set of candidate explanatory variables 

includes a number of regressors, whose construction is detailed below. These variables are constructed as 

                                                                                                                                                               
capita personal income series prevent us the computation of genuine ex-ante and ex-post measures of risk sharing in place of using itc  in 

equation (2). 

6 Such a specification is reasonable when the error terms for different spatial units, at a given point in time, are likely to reflect some 

common immeasurable or omitted factor. 
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averages of yearly observations over the period 1980-2003. Following Kalemli-Ozcan et al. (2003), the measure 

of asymmetric risk, ivol , is given by the standard deviation of the first di¤erences of the logarithm of GDP. In 

keeping with previous works (Kalemli-Ozcanet al., 2003; De Benedictis et al., 2006; Imbs and Wacziarg, 2003; 

Ezcurra et al., 2004), we employ igdp  as a proxy for the degree of economic development. We also include 

(the logarithm of) regional population, ipop , so as to measure regional size. As for trade integration, we 

multiply standard measures of trade integration at country level by regional location quotients: 

1
( / )k

i is s ss
tii lq trEU trt

=
= ∑ , where strEU and strt  stand for the trade transactions (imports and exports), 

in value terms, for the s -th sector of a given country belonging to the EU15 with the rest of the EU15 and the 

world, respectively, and islq  is the location quotient of region i  in sector s , in terms of real GVA. Finally, the 

share of the manufacturing sector on total GVA is defined as ln( / )i i iman GVM GVA= , where iGVM  and 

iGVA  indicate regional the GVA in the manufacturing sector and total GVA, respectively.  

A picture of the distribution of the variables used in the baseline specification is provided in Figure 3. 

For the ease of interpretation of econometric results discussed below, all quantities are standardized, by 

computing the deviations from the European average and dividing by their standard deviation. 

[Figure 3 about here] 
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Unlike previous works, our modelling approach jointly allows for nonlinearity and spatial dependence. We 

cannot assume indeed that all economies obey a common linear pattern. For example, the literature suggests 

the existence of a strong nonlinearity between specialization and the degree of regional development measured 

by per capita GDP levels. From a statistical point of view, we relax the assumption of global linearity in order 

to avoid misspecification problems. The model is also specified so as to consider the possibility of spatial 

externalities, as we cannot disregard spatial contagion effects in the determination of specialization patterns. 

Finally, we apply the control function approach (Blundell and Powell, 2003) so as to deal with endogeneity 

problems may arise both from simultaneity and measurement errors. 
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,
����
�����
�. A quadratic term for per capita GDP is usually considered in the specification of a 

regional specialization model by Imbs and Wacziarg (2003) and by Kalemly-Ozcan et al. (2003). We resort, 

instead, a semiparametric methodology. Specifically, by using a particular version of the semiparametric model 

that allows for additive components, we are able to obtain graphical representation of the relationship between 

regional specialization and regional characteristics. Additivity ensures that the effect of each of the model 

predictors can be interpreted net of the effect of the other regressors, just as in linear multiple regression. A 

typical semiparametric additive model (AM) is specified as follows: 

*' *
1 1 2 2 3 3 4( ) ( ) ( , ) ...i i i i i i iy X f x f x f x x= a + + + + + e      (3) 

where ie  is a vector of independently, identically and normally distributed errors, ie ~ 2(0, )iidN es , (.)jf  are 

unknown smooth functions of the covariates, *
iX  is a vector of strictly parametric components and *a  is the 

corresponding parameter vector. The most popular approach for estimating AMs is the back-fitting algorithm 

(Hastie and Tibshirani, 1990). This method, however, presents some shortcomings with respect to model 

selection and inference issues. Wood (2000, 2006) and Wood and Augustin (2002) have recently proposed a 

new methodology to estimate AMs with spline based penalized regression smoothers which allows for 

automatic and integrated smoothing parameters selection via Generalized Cross Validation (GCV).7 

�!�������
!
��
��
. As pointed out by Anselin (2004), spatial externalities may occur either in unmodeled 

effects (when unmodeled variables that are subsumed in the error term jointly follow a spatial random process) 

or in modelled effects (when the exogenous terms affect the left hand side of the model through a 'global 

multiplier effect'). In a parametric linear setting, such as 'y X= a + e, global multiplier effects are modelled 

by replacing X  and e by 1( )I W X-- r  and 1( )I W -- r e , respectively, where I  is an identity matrix, r  

is the parameter of spatial externality and W  is a spatial weights matrix.8 In the present context, the inverse 

spatial transformation of X  and e suggests that the attractiveness of region i  is affected not only by its own 

characteristics and random shocks, but also by the features and random shocks of all other regions. However, 

                                                   
7 See Appendix 3 for further details. 

8 The characteristic element of this matrix, ijw , summarizes the interaction between regions i  and j . Throughout the paper, the 

, 1,...,{ }ij i j NW w ==  matrix is specified so that iiw  are set to zero whereas 2
ij ijw d -=  if ijd d<  and 0ijw =  if ijd d> , with ijd  

the great circle distance between the centroids of region i  and region j  and d  the cut-off distance (equal to 424 km). 
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given the characteristics of the standardized spatial weights matrix, the strength of spatial dependence between 

observed regions declines with the distance between them. In other words, neighboring units exhibit a higher 

degree of spatial contagion than units located far apart (‘�!������ �������
������� ������
�’). The introduction of the 

spatial multiplier effect in the model yields a reduced form as 1 1( ) ' ( )y I W X I W- -= - r a + - r e  and the 

structural form becomes the standard spatial autoregressive model (SAR) 'y Wy X= r + a + e . These 

arguments can be extended to the semiparametric AMs, with the obvious difference that the effect of spatial 

externalities may not be homogenous over space. So, model (3) can be extended by including the smooth term 

4 ( )f Wy  on the right hand side (SAR-AM): 

*' *
1 1 2 2 3 3 4 4( ) ( ) ( , ) ( ) ...i i i i i i iy X f x f x f x x f Wy= a + + + + + + e   (4) 

���
'
�
��������
�. Because of the feedbacks between iy  and its spatial lag term iWy , 4 ( )if Wy  enters 

endogenously in equation (4), that is 4 ( )if Wy  and ie  are correlated.9 In order to deal with endogeneity 

problems in the estimation of nonparametric models, we use the procedure proposed by Blundell and Powell 

(2003).10 Their method consists of extending the “control function” method to additive nonparametric 

                                                   
9 The interpretation of the role of Wy  can generate some confusion: “While it may be intuitive to interpret such a variable as relating 

values for y  at i  to its neighbours, this is only partially the case, since the neighboring values in turn depend on iy . More precisely, the 

particular spatial pattern between locations and their neighbors can be considered to be the equilibrium outcome of a process that follows 

from global spatial correlation in the X  and error terms. Hence, any economic interpretation of iy  depending on jy  actually works 

through the spatial patterns in the X  and u ” (Anselin, 2004, p. 6). 

10 In linear spatial regression analysis, Kelejian and Prucha (1998) have proposed a 2SLS procedure to estimate the spatial autocorrelation 

regression model and have suggested to use spatial lags of the strictly exogenous variables as instruments. Following a 2SLS approach, 

Wy  is regressed on a set of exogenous and predetermined variables. In the second stage, the fitted values from the first stage are used in 

place of the endogenous variable. The motivation for this form of 2SLS is the replacement of the endogenous regressor with that part of 

Wy  (its linear projection on the set of spatial lags of the exogenous variables) that is uncorrelated with the error term. As emphasized by 

Blundell and Powell (2003), however, this procedure is not suitable for the estimation of nonparametric and semiparametric models, since 

the replacement of the endogenous term with fitted values of the first stage generally yields inconsistent estimates of 4 ( )f Wy . 
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models.11 The application of the control function approach to the semiparametric settings described above 

consists of two steps. In the first one, an auxiliary nonparametric regression 

*' *
1 1 2 2 3 3 4( ) ( ) ( , ) ( ) ...i i i i i i i iWy X f x f x f x x h Z= a + + + + + + u  is considered, with iZ  a set of 

conformable instruments and iu  a sequence of random variables satisfying ( | ) 0i iE Zu = . Moreover, if iZ  

and ie  are independent, then it yields that ( | , ) ( | )i i i i iE Z Ee u = e u . It follows from the last assumption 

that ( | ) 0i iE Wye ¹  arises when ( | ) 0i iE e u ¹ . The second step consists of estimating an AM of the form:  

*' *
1 1 2 2 3 3 4 4 5 ˆ( ) ( ) ( , ) ( ) ( )...i i i i i i i i iy X f x f x f x x f Wy f= a + + + + + u + e   (5)  

Another source of bias is represented by the inclusion of variables measured with error, such as our 

proxy of risk sharing. Since this variable is an estimated coefficient, we cannot exclude the existence of a 

correlation between risk sharing and the error term. Again, the control function approach can be used to take 

account of this problem. 

+���-
�
���
�
���
��

Table 2 reports the estimation results and a battery of diagnostics tests for a fully parametric specification of 

the model of regional specialization. The dependent variable measures the degree of regional specialization, 

computed according to the formula (1). For ease of exposition, we briefly recall the set of regressors: i) ˆ SUR
ib  is 

the region-specific risk sharing index as discussed in Section 3.2; ii) ivol  is the GDP volatility, indicating the 

degree of asymmetric risk; iii) igdp  indicates the regional economic development level; iv) ipop  is the size of 

the region expressed in terms of log of the number of inhabitants; v) itii  is the index of trade integration intra-

EU15; and vi) iman  the log of the share of manufacturing on total economic activity. 

Unlike the existent literature, however, we consider the possibility of spatial spillover effects. 

Accordingly, all models include the spatial lag of the dependent variable, iWy , as candidate explanatory 

variable for the determination of regional specialization patterns in Europe. Fourteen country dummies are 

included in all models to control for residual spatial heterogeneity and for possible unobservable country-

                                                   
11 The control function approach applied to a generic linear model 'y X= a + e  has its antecedent in the interpretation of the 2SLS 

estimator as the coefficients on X  in a OLS regression of y  on X  and the residuals v̂  from a linear regression of X  on a set of 

instruments Z . 
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specific factors.12 Furthermore, in our econometric investigation all variables are weighted by the regional 

population so as to reduce the possible impact of small highly specialized regions. Finally, the presence of iWy  

and ˆ SUR
ib  in the set of covariates suggest including two additional terms, 1ˆ iu  and 2ˆ iu , which represent the 

estimated residuals from two distinct first step estimations. The set of additional instruments for the two 

auxiliary regressions are the spatial lags of exogenous terms, an indicator of “financial depth”, measured by the 

share of the financial and real estate sectors on total GVA, and the investor protection index provided by the 

World Bank.  

Model A in Table 2 resembles a specification widely used in previous works, where the regression 

function is linear in all terms but igdp  which is assumed to have a quadratic effect on iy . The estimation 

results give evidence of a significant positive effect of risk sharing on regional specialization, corroborating the 

argumentations in Kalemli-Ozcan et al. (2003). Notice, however, that all other regressors are statistically not 

significant according to p-values associated to White-corrected robust standard errors, except for igdp  as well 

as its square term and the index of trade integration. Furthermore, some traces of endogeneity for the risk 

sharing parameter are detected, while no clear spatial dependence is found.13 As for diagnostic tests, we find 

not only some departures from the normality assumption, but also from linearity. This encourages us to pursue 

a semiparametric modelling strategy. 

[Table 2 about here] 

Table 3 shows the results and diagnostics for three different semiparametric specifications: in Model B 

all terms enter nonlinearly but additively, while Models C and D allow for some interactions between variables. 

Allowing for nonlinearity (Model B), the model fit improves significantly: the adjusted 2R  goes from 0.30 to 

0.56, the percentage of explained deviance increases from 42 to 69 percent and the GCV score (×1000) 

decreases remarkably from 4.657 to 3.451. The F -tests for the overall significance of the smoothed terms in 

Model B have p -values lower than 0.05 in five out of nine cases, while the number of effective degrees of 

                                                   
12 Such as unmodeled country-wide factors or measurement issues with respect to the construction of the regional series provided by 

Cambridge Econometrics. Country dummies are binary variables, which take value 1 if a region belongs to a certain country and 0 

otherwise. 

13 The F  test for the overall significance of the additional instruments confirm the validity of our set of instruments. Furthermore, the 

Sargan test gives a statistics of 18.211 with a p-value of 0.442, indicating no correlation between the instruments and the error term. 
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freedom ( edf ) suggests that the relationship between regional specialization and its determinants is far from 

being linear, except for ( )if pop  and 2ˆ( )if u . This more flexible specification allows to recover significance 

for the spatial lag term, which turns out to be strongly endogenous. The lack of significance for the 

manufacturing share as well as for asymmetric risk and population suggests possible collinearity or concurvity 

problems, which calls for interaction effects. 

In order to address  the issue at stake, we consider alternative specifications which allow for smooth 

interaction terms. Adopting the same taxonomy as in Section 2 above, we test for the joint effect of measures 

of: I) 
#!
���
� �
� ���$, ˆ( , )SUR
i if volb ; II) �
��
%
�
�
 ��� �
�����
��; ( , )i if gdp pop ; III) ����������� �������
�������, 

( , )i if tii man , as causative determinants of the sector concentration of productive structures in European 

regions. After considerable experimentation, we have opted for a specification (Model C) which admits the 

joint effect of 
#!
���
� �
� ���$� variables� (insured and asymmetric measures of risk) and the effect of the 

interaction between �
��
%
�
�
 ��� �
�����
���variables (size of the region and its economic development), while 

industrial ����������� �������
������� variables enters additively.14 The two interaction terms are significant at the 1 

percent level and the edf  clearly indicates nonlinear effects. The univariate smooth terms are significant and 

nonlinear as well. The only exception is the term 2ˆ( )if u  which enters linearly but it is statistically not 

significant. On the one hand, this finding gives support to our SUR-based approach for the computation of 

regional-specific risk sharing indexes, thus ruling out any bias due to the measurement of ˆ SUR
ib ’s; on the other 

hand, the lack of statistical significance of 2ˆ( )if u  suggests excluding it from the set of covariates. Estimation 

results from Model D, where the term 2ˆ( )if u is removed from the set of covariates, indicate, indeed, an 

improvement of the goodness as well as a decrease of the GCV score together with a more satisfactory 

performance with respect to diagnostic tests. 

[Table 3 about here] 

                                                   
14 Model C includes interaction terms of the type ( , )i if X Y , but not the single terms ( )if X  and ( )if Y , where iX  and iY  stand for 

ˆ SUR
ib  and ivol  or igdp  and ipop , alternatively. This choice derives from a model selection procedure: we have tested the exclusion of the 

single terms and could not reject the restrictions. In the case of  
#!
���
��
����$ (s
��
%
�
�
 ����
�����
��) variables the F statistics has a p-value of 

0.108 (0.127). On the other hand, Model C includes the single terms ( )if tii  and ( )if man , but not their interaction: testing for the 

specification with ( , )i if tii man  as an additional covariate and Model C produces a F statistics with a p-value of 0.210.  
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In this Section we discuss in some details the partial effects of univariate and bivariate smooth terms estimated 

by using our preferred specification (Model D). 

Figures 3a), 3b) and 3c) show the fitted univariate smooth functions (solid lines) ( )if Wy , ( )if tii  

and ( )if man , respectively, alongside Bayesian confidence intervals (shaded gray areas) at the 90 percent level 

of significance, computed as suggested by Wood (2004). In each plot, the vertical axis displays the scale of the 

expected values of regional specialization, while the horizontal ones report the scale of the spatial 

autocorrelation term, the trade integration index and the manufacturing share, respectively. Positive spatial 

externalities are evident only beyond a threshold of iWy , corresponding to 3 percent less than the European 

average. As discussed above, a positive effect of iWy  implies that a change in an exogenous variable as well as 

a random shock in a specific region affect not only the specialization pattern of that region, but also the degree 

of specialization of all other regions in the EU15 system through a spatial multiplier mechanism ('�
�����!���
(
�). 

Furthermore, the slope of the smooth function ( )if Wy  is always lower than |1|, as indicated by the 45-

degree dashed line, suggesting that the requirement needed to avoid explosive multiplier effects is satisfied.  As 

for the effect of the trade integration index, we find a clear negative effect on manufacturing specialization for 

regions below the European average. This finding seems to be at odds with conclusions in Krugman (1993), 

since trade integration appears to induce more diversified industrial structure once regions start with opening 

their economic systems to international trade. When their degree of openness become sizable, the effect of the 

trade integration index on the dependent variable fades away. Finally, a nonlinear pattern for ( )if man  

emerges, with a clear downward pattern only up to a threshold corresponding to the European average: when 

manufacturing is a small fraction of total GVA, the regional producers necessarily concentrate in few sectors, 

while increasing the share of manufacturing the region becomes less specialized. Beyond the European average, 

the manufacturing share has no effect on the degree of specialization, since the confidence intervals become 

much larger.  

[Figure 3 about here] 

Figures 4a) and 4b) show the joint effect of risk sharing and GDP volatility - ˆ( , )SUR
i if volb - from two 

different perspectives. In each plot, the vertical axis reads as previous graphs, while the two axes of the 

horizontal plane report the scale of risk sharing and GDP volatility. First, we observe that the two variables 
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interact negatively: the expected degree of specialization reaches its maximum at the highest level of risk 

sharing and at the lowest value for asymmetric risk; the opposite holds for high levels of vol  and low values 

for ˆ SURb . Second, for high levels of risk sharing, GDP volatility affects negatively the degree of specialization 

only up to the European average; beyond this threshold, asymmetric risk does not influence specialization. 

Conversely, when the level of risk sharing is low, the effect of vol  is hump-shaped. Third, for high levels of 

GDP volatility, risk sharing influences specialization almost linearly, while for low levels of vol  the effect of 

risk sharing is nonlinear, as the slope of the curve increases with increasing levels of ˆ SURb . Most importantly, 

we can safely conclude that the effect of risk sharing is quasi-monotonically positive, in a way fully consistent 

with our theoretical underpinnings.  

Figures 4c) and 4d) display the effect of the interaction between population and per capita GDP, 

( , )i if pop gdp . The well-established U-shaped relationship between the degree of specialization and the 

stage of economic development (e.g. Imbs and Wacziarg, 2003) turns out to be the result of a differentiated 

behaviour of large and small regions. When gdp  is lower than the European average, the expected level of 

specialization is actually high for small regions. This evidence, however, does not hold when large geographical 

entities are considered. In this case, indeed, the degree of sector concentration increases with per capita GDP 

only at later stages of development. As for the effect of population, we observe a negative relationship with the 

degree of specialization, but the slope of the curve becomes steeper at higher gdp  levels. This suggests that if 

a region is large but relatively poor in terms of per capita GDP, the heterogeneous demand has to be satisfied 

through a diversified industrial production; when, instead, the region is relatively rich, consumers’ needs are 

more likely fulfilled by interregional trade and, thus, comparative advantages can be better exploited. 

[Figure 4 about here] 
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Using data on 144 European NUTS2 regions belonging to the EU15 countries, we have estimated a regional-

specific measure of risk-sharing by using LSDV and SUR techniques for panel data. However, unlike previous 

works, we have tested the assumption of parameter homogeneity across geographical units. Albeit a clear 

country pattern is found, we have documented that the parameter homogeneity assumption is strongly rejected 
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by the data. Furthermore, we have given support to the idea pointed out in Cochrane (1991), according to 

which substantial interregional risk sharing takes place when smaller geographical units are taken into account: 

our estimates indicate that credit channel is able to insure from 40 to 50 percent of production risk, well above 

the empirical evidence reported in the literature hitherto. We then have exploited the cross-section 

heterogeneity in the risk sharing parameters, using SUR coefficients as explanatory variables in a model of 

regional specialization, where the dependent variable is a synthetic measure of overall specialization derived 

directly from detailed measures of comparative advantages. By estimating nonparametric additive spatial auto-

correlated models, we have allowed for nonlinearities and spatial dependence to control for other relevant 

regressors for specialization patterns. Our results corroborate the hypothesis that risk sharing affects positively 

the degree of specialization. In the case of European regions, however, this effect is strongly nonlinear. 

The evidence here reported clearly suggests the desirability of further improvements in financial 

integration in Europe so as to cushion adverse shocks to output as well as to exploit comparative advantages 

and economies of scale. As a matter of fact, cross-regional insurance mechanisms can work through the fiscal 

channel as well. Favouring financial integration appears, however, a more viable option relative to alternative 

policy measures, such as relaxing the restrictions on fiscal criteria imposed by European arrangements and/or 

relying on the effectiveness of central redistributive mechanisms for regional output stabilization (Sørensen and 

Yosha, 1998). Actually, structural changes in the Stability and Growth Pact cannot be implemented quickly but 

need many years for accomplishment and are really costly. Furthermore, the model of fiscal policy coordination 

adopted in Europe tends to leave the responsibility for stabilization policies prevalently up to the single 

Member States and merely asserts the need for coordination of fiscal policies at the European level, with the 

coordination carried out in the Council, which can only adopt recommendations and has no coercive means. 

Even though redistributive mechanisms are difficult to implement, they appear to be essential for regions with 

underdeveloped financial systems. In the presence of uneven access to credit (due to paucity of available 

collateral and higher cost of capital) and/or stock market orientation (due to lower propensity to invest in risky 

securities) in backward regions, fiscal policy tools may gain effectiveness so as to enhance the degree of cross-

regional insurance attainable in Europe.  

A fuller understanding of the relative importance of various channels for risk insurance at the NUTS2 

level is an empirical question that calls for further analysis. Another venue for further investigation may take 

account of a wider set of European regions moving from the EU15 towards the recently enlarged EU25 
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context so as to assess whether inter-regional insurance mechanisms are effective tools in buffering production 

risk even in the presence of a larger number of backward regions. These issues are left for future research. 
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Additive models (AM) provide a framework for nonparametric and semiparametric modelling. In general the 

model has a structure something like: 

( ) ( ) ( )* *
1 1 2 2 3 3 4, ...= + + + + + ei i i i i i iy f x f x f x xX β  ( )2. . . 0,e s∼i i i d N   (1A)  

where �� is a continuous univariate response variable, ( )..jf  are unknown smooth functions of the covariates, 

*
iX  is a vector of strictly parametric components, *β  the corresponding parameter vector, �e  a vector of 

random shocks and 1,...,=i N .  

For each k -th smooth term, the estimated function ˆ (.)kf  reveals possible nonlinearities in the effect 

of ix . The most popular approach for estimating AM is the back-fitting algorithm proposed by Hastie and 

Tibshirani (1990). This approach, however, presents some shortcomings with respect to the issues of model 

selection and inference. Wood (2000, 2006) has recently proposed a new method to estimate AM with 

penalized regression smoothers which allows for automatic and integrated smoothing parameters selection. 

This approach is implemented in the R package  '�(. 

In Wood’s approach, smooth terms are always represented as linear combinations of known basis 

functions, ( )kq kib x , that is 
1

( ) ( )
m

k ki kj kj ki
j

f x b x
=

= b∑ , where bkq  are unknown coefficients. Thus, equation 

(1A) can be written as a linear model:  

* *
1 1 1 2 2 2 3 3 3 4

1 1 1

( ) ( ) ( , ) ...
m m m

i i j j i j j i j j i i i i
j j j

y b x b x b x x
= = =

= + b + b + b + + e =∑ ∑ ∑X β X β  (2A) 

where *
1 1 2 2 3 3 4

1 1 1

( ) ( ) ( , )
m m m

i i j i j i j i i
j j j

b x b x b x x
= = =

= + + +∑ ∑ ∑X X  is the model matrix and 

*
1 2 3

1 1 1= = =

= + b + b + b∑ ∑ ∑
m m m

j j j
j j j

β β  is the full set of coefficients to be estimated.  

Let’s first consider the simple smooth function, ( )i i iy f x= + e . The penalized regression spline 

arises as the solution to the following optimization problem (Wood and Augustin 2002):  
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i

T

f x y f x dx

x y x x dx

=

=

¢¢- + l =

¢¢ ¢¢- + l =

- + l

∑ ∫

∑ ∫b β β b b β

Xβ y β Hβ

 w.r.t. β   (3A) 

subject to any constraints associated with the bases plus any constraints needed to ensure that the 

model is identifiable. 
2

×  is the Euclidean norm and l  is the smoothing parameter (that controls the fit vs. 

smoothness trade-off). The “��''���
��” penalty is represented by the integrated square of second derivatives of 

the smooth terms and ( ) ( )Tb x b x¢¢ ¢¢= ∫H  is called the penalty matrix. Given λ, the solution to (3A) is:  

1ˆ [ ]T T-= lβ X X + H X y         (4A) 

A crucial issue in the use of smoothing splines is the selection of parameter l , controlling the trade-

off between fidelity to the data and smoothness of the fitted spline. Generalized Cross Validation (GCV) is the 

most common method used to choose the smoothing parameter:  

( ) 2 2[ ( )]GCV n n tr -l = -y - Ay A        (5A) 

where A  is the hat matrix for the model being fitted: 1( )T T
i

i

-= l∑A X X X + H X , and the term ( )tr A  

gives the effective degrees of freedom (
��) (i.e. the number of identifiable parameters in the model). The best 

l �is the one that minimizes the GCV score. If l =0, then 
�� is equal to the size of the β  vector minus the 

number of constraints. If the smoothing parameter is high, we have very few 
��. 

When there are two or more smoothed terms, the selection of the smoothing parameters becomes less 

straightforward. With two smooth terms - 1 1 2 2( ) ( )i i i iy f x f x= + + e , for example, the AM fitting problem 

becomes: 

2
1 1 2 2min - + l + lT TXβ y β H β β H β  w.r.t. β     (6A)  

Consider first the back-fitting algorithm proposed by Hastie and Tibshirani (1990). It consists of estimating 

each term by iteratively smoothing partial residuals from the AM w.r.t. the covariate that the smooth relates to. 

Thus, given the bandwidth of the smoothers, the estimation of smooth terms becomes straightforward with 

back-fitting. However, “estimation of that bandwidth is hard to integrate into a back-fitting approach” and the 

choice of the degree of smoothness of each term in the model becomes arbitrary (Wood and Augustin 2002, p. 
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2). To overcome this problem, Wood (2000) provides a methodology to choose automatically multiple 

smoothing parameters by GCV, as in the single-penalty case. Firstly, the multiple smoothing parameter model 

fitting problem is re-written with an extra “overall” smoothing parameter controlling the trade-off between 

model fit and overall smoothness, while retaining smoothing parameters multiplying each individual penalty 

which now control only the relative weights given to the different penalties. The following steps are then 

iterated: 1) given the current estimates of the relative smoothing parameters, estimate the overall smoothing 

parameter; 2) given the overall smoothing parameter, update the logarithms of the relative smoothing 

parameters simultaneously using Newton’s method. Thus, with this method, the smoothing parameters for 

each smooth term in the model are chosen simultaneously and automatically as part of model fitting by 

minimizing the GCV score of the whole model.  

So far, the approach for estimating an AM with the automatic model selection has been described for 

the simple case of one dimensional basis functions. Wood (2006) has extended this approach to the cases of 

multi-dimensional bases, in particular to the thin-plate regression splines and to the tensor products. 

Specifically, Wood (2006) recommends to use thin-plate regression splines for smooth interactions of quantities 

measured in the same units (isotropic smoothness), while he suggests to use tensor products for smooth 

interactions of quantities measured in different units (tensor products are scale invariant), or when very 

different degrees of smoothing are appropriate relative to different covariates.  

In this paper, we use cubic regression splines for univariate smooth terms and tensor products for 

bivariate smooth terms kf x Wx( , ) . It is worth mentioning that, using the tensor product methods, it is quite 

easy to ensure that the basis for f x f Wx+1 2( ) ( )  will be strictly nested within the basis for kf x Wx( , ) . Strict 

nesting means that f x z3( , )  exactly represent any possible f x f Wx+1 2( ) ( )  (Wood 2006, p. 206). We have 

tested this hypothesis (and more generally we have performed model comparisons) by using the analysis of 

deviance as suggested by Wood (2006, p. 204). A problem in performing hypotheses tests arises with regards 

the p-values. These are indeed usually reliable if the smoothing parameters are known, or the model is un-

penalized. When, instead, smoothing parameters are estimated, the p-values are usually downward biased. For 

this reason, when performing ANOVA tests, p-values have been computed using un-penalized smooths with 

basis dimensions left at the level identified with penalization. 
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Note. H  is the index of Herfindahl, G  is the Gini index, Ros  is the index of Rosenbluth, RS  is the Ricci-Schutz coe¢cient, ATK  

is the index of Atkinson, Theil  is the index of Theil, Krugman  is the Krugman indicator, Median  is the median of the Balassa 

index. 



 [28] 

����
���:����� ���
���
�����8�-
�
����

 Coefficients p-values 

ˆ SURb  0.757 0.001 

vol  -0.009 0.951 

gdp  0.320 0.091 

2gdp  0.219 0.053 

pop  0.037 0.906 

tii  -0.241 0.046 

man  -0.116 0.170 

Wy  0.315 0.222 

1̂v  -1.129 0.015 

2v̂  -0.466 0.074 

2 -R adj  0.300 

Deviance 41.7 

GCV score 4.657 

F  test 1) 8.152 0.000 

F  test 2) 2.280 0.065 

Normality 0.980 0.032 

Linearity 6.140 0.003 

 

Notes: The dependent variable, y , is the index of specialization. 2 -R adj  is the determination coe¢cient adjusted for the degrees of 

freedom. Deviance is the percentage of explained deviance. The GCV score ( 1000´ ) provides a criterion for choosing the model 

specification among different possible alternatives; the model which minimizes the GCV is preferred. F  test 1) and 2) indicate the test 

for the joint significance of additional instruments in the first step of the model. The normality test is based on Shapiro-Francia statistics. 

Linearity is the statistics of the RESET test. All models include a full set of country dummies. p-values refers to Whit-corrected robust 

standard errors. The number of observations is 144. 
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 Model B Model C Model D 

 F test p-values edf F test p-values edf F test p-values edf 

ˆ( )SURf b  2.831 0.005 5.671 . . . . . . 

( )f vol  1.208 0.305 3.137 . . . . . . 

( )f gdp  2.920 0.011 2.630 . . . . . . 

( )f pop  1.668 0.199 1.000 . . . . . . 

( )f tii  3.586 0.003 2.838 2.063 0.079 2.248 2.166 0.055 2.611 

( )f man  1.662 0.165 1.995 3.399 0.005 2.862 2.722 0.019 2.720 

( )f Wy  3.153 0.002 5.635 3.978 0.022 1.867 3.642 0.031 1.799 

1̂( )f v  3.574 0.002 3.435 6.250 0.000 1.662 5.313 0 4.267 

2ˆ( )f v  1.440 0.233 1.000 0.449 0.505 1.000 . . . 

ˆ( , )SURf volb
 

. . . 2.254 0.002 14.581 2.444 0.001 16.880 

( , )f gdp pop
 

. . . 4.273 0.000 23.990 4.231 0.000 22.608 

2 -R adj  0.557 0.704 0.742 

Deviance 68.5 83.3 85.9 

GCV score 3.451 2.899 2.613 

F  test 1) 17.619 0.000  17.619 0.000  4.519 0.008  

F  test 2) 1.830 0.018  1.830 0.018  . .  

Normality  0.396   0.011   0.179  

Variance 0.672 0.471 1.000 0.495 0.557 1.005 0.216 0.741 1.000 

 

Notes: The dependent variable, y , is the index of specialization. F  tests are used to investigate the overall (“approximate”) significance 

of smooth terms. edf  (effective degrees of freedom) reflect the flexibility of the model. An edf  equals to 1 suggests that the smooth 

term can be approximated by a linear term. 2 -R adj  is the determination coefficient adjusted for the degrees of freedom. Deviance is 

the percentage of explained deviance. The GCV score ( 1000´ ) provides a criterion for choosing the model specification among 

different possible alternatives; the model which minimizes the GCV is preferred. F  test-first step indicates the test for the joint 

significance of additional instruments in the first step of the model. The normality test is based on Shapiro-Francia statistics. The test of 

constant variance of the residuals (Variance) is based on the estimation of the model f y ue = a + +ˆ ˆ| | ( ) , where ˆ| |e  is the absolute 

value of the residuals of the model and ŷ  is the vector of fitted values. Under the null of constant variance, the smooth term f ŷ( )  

must be estimated with one degree of freedom and, according to a F  test, should not have a significant effect on ˆ| |e . All models 

include a full set of country dummies. The number of observations is 144. 
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