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Abstract: The aim of the paper is to study the impact of human capital and R&D on Total Factor
Productivity (TFP) from a nonlinear perspective. In the spirit of the theory of innovation-driven
growth and models with thresholds in human capital and low-growth equilibria, we hypothesize
that the impact of human capital and R&D on TFP is nonlinear. We also make an attempt to explain
complementarities between R&D expenditures and human capital, applying developments in the
R&D-based growth models. We use spatial panel data models to estimate the link among R&D,
human capital, and TFP across the European regions between 2009 and 2014. Empirical evidence
shows that there are decreasing returns to human capital and R&D in the European regional space.
Moreover, R&D and human capital turn out to be strategic complements. Finally, regional TFP is
found to be positively affected by TFP of neighboring regions.
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1. Introduction

The economic performance of regions has not only drawn much attention from scholars but also
becomes a primary policy issue [1]. A region’s total factor productivity (TFP) is perhaps the most
suitable indicator of economic performance and is most associated with technological complexity
and production effectiveness. TFP, measured as a ratio of aggregated outputs and aggregated inputs,
has an advantage over labour productivity, which is the most frequently used proxy for regional
performance in empirical analyses [2,3]. This results from the fact that TFP captures productivity
conditional on the combination of different production inputs and is directly attributable to innovation
and technological progress.

As far as the determinants of TFP at the regional level are taken into account, many studies analyze
the role played by R&D and human capital contribution to cross-regional productivity differentials
and growth [4–6]. On the one hand, investments in R&D are supposed to spur the creation of
inventions and, as a result of their commercialization, to increase the TFP level of the region where
these investments are realized. On the other hand, human capital affects the level of capacity of
technological activities (including R&D) and the ability of the region to absorb the inventions discovered
in other regions. It is worth noting that empirical evidence contradicts to some extent the theoretical
expectations in the relation between human capital and TFP [7–9]. The effect of R&D upon TFP does
not empirically go straight with the theory either [10]. In light of inconclusive empirical evidence, our
study tries to contribute to the existing literature in the following aspects. Firstly, we go beyond the
mainstream approach by explicitly accounting for nonlinearities in the relationships between research
and development, human resources, and TFP at the regional level. Given the nonlinearity in this
relation, we resist the common assumption that R&D is the panacea for the low productivity gap.
Instead of this, we suggest that there are strong complementarities and synergies between R&D and
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human capital that cannot be revealed using the standard linear approach. Secondly, we extend our
analyses by incorporating the spatial dimension of knowledge spillovers into our empirical model. It
gives a new insight into the role of geography in explaining regional TFP differences.

Our article is organized in the following way. Part 2 includes the literature review and hypotheses
development. Part 3 presents data and empirical models. Part 4 shows empirical findings and
discussion, and Section 5 concludes and indicates directions for future research.

2. Literature Review and Hypotheses Development

2.1. The Link Between R&D and TFP: Some Stylised Facts about Possible Nonlinearities

As generally accepted, R&D expenditures are targeted toward increasing the stock of knowledge
so as to discover new applications and inventions [11]. According to the possibility of the research
commercialization into commercial applications, there is a distinction between fundamental research,
applied research, and development. Similarly, a distinction is made between R&D directed toward
process R&D (the introduction of new methods of production) and product R&D (the invention of
new and modified goods). As such, the impact of R&D on productivity is twofold. Firstly, process
R&D may increase productivity by enhancing the quality or lowering the average production costs of
existing goods. Secondly, product R&D may widen the range of intermediate inputs or final goods
available [12].

The association between R&D investments and TFP has a conceptual basis in the literature on
R&D-based stream of endogenous growth models, which is rooted in the neoclassical growth theory.
According to the neoclassical theory, total factor productivity reflects a shift in the production function
resulting from technical progress [13]. Since technical progress is closely related to the knowledge
stemming from research and development activities, endogenous technical change is regarded to be
generated by formal R&D investments. The first generation of R&D-based models assumes that more
R&D labor should result in more TFP growth. In other words, the growth rate of knowledge stock is
proportional to the number of researchers. This assumption strengthens the role of increasing returns
to scale in the economy and may be explained by the so-called standing on shoulders effect, in which
past inventions may deliver a knowledge base that makes future discoveries easier. At the same time,
knowledge flows among researchers and knowledge complementarities may be beneficial enough in
R&D to allow for the possibility of increasing returns. For example, in the representative R&D-based
growth model by Romer [14], profit-maximizing agents make intentional investment decisions about
the inventions of intermediate good designs. The final result of the increase in the labour R&D input
and total stock of designs and knowledge is TFP growth. It is worth noting that the Romer-type
technology function considers knowledge accumulation and spillovers. As noticed by Kuwahara [15],
who modifies the Romer model by uniting it with capital accumulation as an input in R&D activities,
the economy grows with high growth rate by both efficient R&D with globally increasing returns and
capital accumulation. In the same line, Aghion and Howitt [16] introduce a model where innovations
represent technological progress. These new methods enhance the quality of current capital goods,
which allows for rendering the existing line of goods obsolete. In this model, each researcher generates
a constant number of ideas, but the pool of ideas is growing over time. As a result, each new idea leads
to a proportional increase in productivity.

On the other hand, the second generation of R&D-based models relaxes the knife-edge assumption
of strong scale effect. This group of models consists of semi-endogenous models and fully endogenous
“Schumpeterian” models [17]. The former include inter alia the model by Jones [18]. This model allows
for weak scale effects, where the productivity of R&D decreases as new ideas are invented. The idea
behind the so-called fishing out effect is that the most obvious inventions are discovered first and
it is increasingly hard to find out the next inventions. The possibility of decreasing productivity of
R&D activities is also recognized by the fully-endogenous “Schumpeterian” models [19–21]. The main
reason for this situation is the proliferation of R&D effects in the form of intermediate good varieties
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within many sectors, which results in lower productivity of R&D quality improvement activities.
Summing up, the idea that the impact of R&D on TFP is linear seems to be far-fetched.

In a regional context, the issue of productivity growth initiated by technical progress stemming
from R&D investments is theoretically addressed by Nijkamp et al. [22]. The authors introduce a
nonlinear dynamic model of spatial economic development and R&D. According to the model, R&D
expenditures result in an increase of capital productivity through a change in the coefficient of capital.
If the impact of a unit of R&D expenditures on productivity is constant, it will generate a steady
increase of capital and output productivity. However, there may be a lack of scale effects in R&D
activity, which implies that additional R&D investments have no effect on productivity. This situation
may result from technological uncertainty. What is more, it may also be expected that there are growth
limits, which arise from blockage and some external diseconomies. Therefore, it gets harder and harder
to find and implement additional inventions.

Although R&D activities are territorially embedded and a region is regarded as a platform upon
which new economic knowledge can be created, harnessed, and commercialized into innovations [23],
the new economic geography theory suggests that inter-regional knowledge externalities make a major
contribution to explaining regional economic growth [24]. The beginning of knowledge diffusion
can have a local character, but it may diffuse behind the boundaries of the region, because of the
presence of various modes of inter-regional proximities [25]. It should be noted that the economic
exploitation of external R&D requires a minimal level of regional innovation potential generated by
internal R&D. Griffith et al. [26] present the theoretical framework to regard R&D not only as a means
to stimulate innovation but also as a factor that improves technology transfer. It should be noted
that some authors argue that knowledge spillovers are subject to negative externalities. For example,
Dietzenbacher and Los [27] apply the idea of forward multipliers from the input–output studies to
explain the undesirable externalities of research and development. Although their arguments seem to
be logical, the exact mechanism of knowledge spillovers is still unknown and is regarded as an open
question for further studies.

The above considerations can be summarized by the hypothesis:

H1: Internal R&D is nonlinearly related to regional TFP.

2.2. Nonlinearities in the Impact of Human Capital on TFP

Human capital is a complex category that has been investigated from a variety of perspectives
by economists. The seminal works of Schultz [28] and Becker [29] point the way to a systematic
research of the role of human capital in economic growth processes [30–32]. In the traditional growth
accounting methodology, human capital, with other reproducible factors, enters into the aggregate
production function as an input. Moreover, the aggregate production function usually has decreasing
returns to the reproducible inputs, including human capital. From the pragmatic point of view, human
capital is accumulated by “changing persons so as to give them skills and capabilities that make them
able to act in new ways.” [33]. This approach to human capital formation is adapted by endogenous
growth models. As mentioned previously, R&D-growth-based models assume that the growth rate of
TFP depends on the number of researchers [14,16,34]. On the other hand, human capital differs from
knowledge generated by R&D activities, since it is a rival good and is almost perfectly excludable.
Theoretical justification for the central role of human capital in the TFP growth process is provided
by Benhabib and Spiegel [35]. In line with the standard approach to growth accounting, the authors
model the output growth through the accumulation of inputs and total factor productivity. The
originality of their model is that human capital is not the input into the aggregate production function,
but contributes to the TFP growth. This impact is twofold. Firstly, human capital allows a follower
country/region to reduce its distance to the technology leader in a way that determines the speed of the
catch-up effect. Secondly, human capital forms a country/region ability to imitate foreign technologies
and at the same time has an impact on the pace of the imitation.
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As regards the link between human resources and aggregate productivity, some models allow
for the possibility of nonlinearity in this relationship [36]. The nonlinear effect of human capital on
aggregate productivity typically arises from the presence of thresholds in the levels of human capital.
As suggested by Azariadis and Drazen [37], a threshold means “radical differences in dynamic behavior
arising from local variations in social returns to scale”. This means that a critical mass of human capital
is necessary for attaining threshold externalities, when possibilities of aggregate production may
increase in a rapid manner. Nonlinearities that are formed by the existence of threshold externalities in
the creation of human capital, may result in multiple steady-state growth paths (regimes). In case of a
low-growth path, low levels of human capital lead to a low return to investment in human capital.
Consequently, Becker et al. [38] suggest that in the situation of a low level of human capital, there
may be either increasing or decreasing returns to human capital accumulation, but the former are
more probable than the latter. On the other hand, a high-growth path shows that high levels of human
capital result in a high return to investment in human capital.

Taking into account the possibility of getting stuck in low-growth traps by a country/region,
Redding [39] suggests that the changes in human capital productivity may lead to a switch from the
low- to high-growth path of the country/region. What is important in his theoretical model is that
human capital investments and R&D expenditures are strategic complements. The complementarity
between human capital and R&D allows for a possible offset between decreasing returns to R&D and
higher investments in human capital and vice versa. In the same vein, Batabyal and Nijkamp [40]
introduce a theoretical model of multiregional economic growth which addresses human resources and
negative externalities. Their model shows that if R&D becomes more and more expensive, there will be
endogenous growth only in a region with increasing level of human capital stock. At the inter-regional
or country level, there may exist positive or negative human capital externalities. The former may result
from the exchange of knowledge and experience between employees from neighboring regions [25].
For example, Saxenian [41] argues that highly qualified immigrants may keep their professional
links to the home countries/regions, which allows for the brain-circulation process. The latter may
be explained by competitive processes on the labour markets, where the growth of human capital
stock of a particular region arises primarily from a relocation of the skilled workers between adjacent
regions [42].

The presented arguments can lead to the following two hypotheses:

H2: Human capital is nonlinearly related to regional TFP.

H3: Human capital and R&D are complementary determinants of regional TFP.

3. Data and Methods

We use regional data provided by the Eurostat. Due to missing data, we exclude the regions of
Cyprus, Croatia, Greece, Malta, Slovenia, Spain, Portugal and French islands (N = 218) and select
2009-2014 as the research period (T = 6).

We employ a spatial model to describe total factor productivity (TFP) in NUTS2 regions. The
spatial models are used to reveal the spatial dependencies in the regional data [43]. As mentioned
previously, total factor productivity is the measure of technology and is calculated as the ratio of a
sum of weighted outputs to a sum of weighted inputs. For the TFP estimation using the Eurostat
regional database, we apply the multiplicatively complete Färe–Primont index, where the inputs are
employment in thousand hours worked and Gross Fixed Capital Formation. The output variable is
Gross Value Added.

The output-input aggregator functions used for the Färe–Primont index calculation have the
following forms [44]:

Q(q) = D0(x0, q, t0), (1)

X(x) = DI(x, q0, t0). (2)
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where x0 and q0 are vectors of representative input and output quantities, t0 is a representative time
period, and D0(.) and DI(.) are output and input distance functions.

Given the aggregator functions (1) and (2), the Färe-Primont index measuring TFP of region i in
period t relative to TFP of region h in period s is as follows:

TFPhs,it =
D0(x0, qit, t0)

D0(x0, qhs, t0)

DI(xhs.q0, t0)

DI(xit.q0, t0)
. (3)

It is worth noting that the Färe-Primont index, which satisfies all economically relevant properties,
has the advantage over other more commonly used productivity indices (e.g., the Malmquist index) [45].
Moreover, Van Biesebroeck [46] argues that the nonparametric methods applied to TFP estimation,
including the TFP index, should be preferred over the parametric and semiparametric ones when
technology is heterogeneous and returns to scale are not constant.

The first step in this kind of analysis is the model specification. It is related to both the selection of
explanatory variables and the identification of their impact on the dependent variable. Intramural R&D
expenditure and human resources, as well as control variables reflecting the individual characteristics
of the regions, are employed as independent variables. In line with some previous studies on TFP
determinants at the regional level [3], we initially apply tertiary educational attainment, unemployment
rate, adult participation in learning, and population density as control variables. Finally, according to
their statistical significance (p < 0.05), only the second variable is used in the models (see supplementary:
Annex 1). Our findings confirm the presented theoretical argumentation that the main drivers of
regional TFP are R&D and human capital. It should be noted that the role of other variables, besides
science and technology indicators, in explaining TFP is weakly supported in theoretical and empirical
literature. Significantly, some authors do not include the control variables in their studies on the link
between human capital, R&D, and TFP [10], which may result from the problems with the availability
of other data on science and technology at the regional level.

Table 1 presents general information on dependent and independent variables. Following the
arguments provided by Bronzini and Piselli [4], our study focuses on the variable levels rather than
growth rates.

Table 1. Characteristics of variables

Abbreviation Description Measurement

Dependent variable
TFP Total factor productivity Färe–Primont total factor productivity index

Independent variables
RD Total intramural R&D

expenditure in all sectors
Expenditure on R&D as % of Gross Fixed
Capital Formation

HR Human resources in
science and technology

Scientists and engineers as a share of the
active population in the age group 15–74

Control variable
UNR Unemployment rate Unemployed persons as % of the

economically active population in the age
group 15–74

ADL Adult Participation in
Learning

% of population aged 25–64 who participate
in lifelong learning

TED Tertiary Educational
Attainment

% of population aged 30–34 who have
successfully completed university or
university-like (tertiary-level)

DENS Population density Average population per square kilometre
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For TFP explanation, the spatial models for panel data are applied. The most complex specification
of the spatial model is as follows:

TFPit = λW TFPit + β10RDit + β20HRit + β30RD2
it + β40HR2

it + β50RDitHRit + β60UNRit+

+β11WRDit + β21WHRit + αi + uit, i = 1, 2, . . . , N, t = 1, 2, . . . , T,
(4)

uit = ρWuit + εi εi ∼ N
(
0, σ2IN

)
. (5)

This model is the complete second-order model, which is hierarchically well formulated. It
describes TFP variable with spatially lagged endogenous variable (W TFP), exogenous variables (RD
and HR), their squares (RD2, HR2) and interaction (RD HR), control variable (UNR), and spatially
lagged exogenous variables (W RD, W HR). The inclusion of nonlinearities for explanatory input
variables and their interaction allows for the verification of the research hypotheses, which indicate the
nonlinear effects of these variables on TFP. Originally, we also considered models that included both
the linear and quadratic terms in the interactions, but we could not find any theoretical or statistical
support for such a specification (i.e., the likelihood ratio test preferred the model without quadratic
terms in the interactions, p = 0.007).

The spatial matrix contains inverse economic distance spatial weights. It arises from the premise
that technological diffusion across NUTS 2 regions is influenced by geographical and economic
similarity. The measure of economic distance is based on GDP per inhabitant. The spatial weight
between region i and region j is calculated as:

wi j =


(
1/

∣∣∣econi − econ j + 1
∣∣∣) exp

(
−di j

)
i , j

0 i = j
(6)

where econi is the value of economic variable in region i and dij is the distance between region i and
region j.

4. Results and Discussion

We calculated the level of TFP in NUTS2 regions using Färe–Primont index. The intensities of
TFP are shown in Figure 1. As can be seen, UK regions, Groningen, and Düsseldorf achieve the highest
levels of TFP, while the lowest-performing regions are the Eastern Europe regions, two Spanish regions
(Castilla-La Mancha, Región de Murcia), and Flevoland. According to Dettori et al. [47], intangible
assets, including human capital, social capital, and R&D capital, significantly affect TFP diversification
within the European regional space.

Table 2 presents the descriptive statistics and correlation coefficients among explanatory variables.
The pairwise correlations do not exceed a commonly used threshold (0.7). Therefore, the collinearity is
not a problem in our analyses.

Table 2. Descriptive statistics and correlation coefficients between variables.

Variable Mean Std. Dev. Median Min Max TFP RD HR

TFP 0.229 0.051 0.223 0.094 0.506
RD 8.19 6.21 6.76 0.264 48.4 0.3627
HR 5.95 2.35 5.5 1.6 13.5 0.2418 0.5275

UNR 7.7 4.5 6.6 1.8 33.4 −0.1208 −0.2871 −0.3165

Before the spatial model parameters estimation, the spatial dependence of TFP was verified. A
very high value of chi2 statistic (270.23) in the Moran test for spatial dependence and a p-value equal to
0 give strong evidence to use spatial models for explaining TFP. We employed the most comprehensive
specification of the Model (4), called General Nesting Spatial Model (GNS), to estimate a model with
random individual effects (GNSr) and fixed individual effects (GNSf). To choose the most appropriate
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specification, we applied the Hausman test (chi2 = 66.92, p-value = 0). It prefers a fixed-effect model
over random-effects model, which indicates the existence of significant specific factors influencing
TFP for regions not included in the model. We used the quasi-maximum likelihood (QML) estimator
derived by Lee and Yu [48] for estimation of parameters in the spatial autoregressive model with fixed
effects. The comprehensive discussion on strengths and weaknesses of different estimation methods of
spatial panel models is provided by Elhorst [49]. The fixed-effect approach, advocated by Mundlak [50],
Wooldridge [51], and Hsiao [52], is a very effective means of managing endogeneity in a variety of
situations, inter alia, such as the omitted variable bias caused by time-invariant covariates. However,
the limitation of panel data is that time-varying omitted-variable bias is still present.

Sustainability 2020, 12, 1808 6 of 14 

This model is the complete second-order model, which is hierarchically well formulated. It 
describes TFP variable with spatially lagged endogenous variable (W TFP), exogenous variables (RD 
and HR), their squares (RD2, HR2) and interaction (RD HR), control variable (UNR), and spatially 
lagged exogenous variables (W RD, W HR). The inclusion of nonlinearities for explanatory input 
variables and their interaction allows for the verification of the research hypotheses, which indicate 
the nonlinear effects of these variables on TFP. Originally, we also considered models that included 
both the linear and quadratic terms in the interactions, but we could not find any theoretical or 
statistical support for such a specification (i.e., the likelihood ratio test preferred the model without 
quadratic terms in the interactions, p = 0.007). 

The spatial matrix contains inverse economic distance spatial weights. It arises from the premise 
that technological diffusion across NUTS 2 regions is influenced by geographical and economic 
similarity. The measure of economic distance is based on GDP per inhabitant. The spatial weight 
between region i and region j is calculated as: ݓ௜௝ = ቊ൫1/ห݁ܿ݊݋௜ − ݋ܿ݁ ௝݊ + 1ห൯ exp൫−݀௜௝൯ 	݅ ≠ ݆																									0																																									݅ = ݆ (6)

where econi is the value of economic variable in region i and dij is the distance between region i and 
region j.  

4. Results and Discussion 

We calculated the level of TFP in NUTS2 regions using Färe–Primont index. The intensities of 
TFP are shown in Figure 1. As can be seen, UK regions, Groningen, and Düsseldorf achieve the 
highest levels of TFP, while the lowest-performing regions are the Eastern Europe regions, two 
Spanish regions (Castilla-La Mancha, Región de Murcia), and Flevoland. According to Dettori et al. 
[47], intangible assets, including human capital, social capital, and R&D capital, significantly affect 
TFP diversification within the European regional space. 

 
Figure 1. Average Total Factor Productivity (TFP) level in 2009-2014 in NUTS2 EU regions. 

Table 2 presents the descriptive statistics and correlation coefficients among explanatory 
variables. The pairwise correlations do not exceed a commonly used threshold (0.7). Therefore, the 
collinearity is not a problem in our analyses.  

Figure 1. Average Total Factor Productivity (TFP) level in 2009-2014 in NUTS2 EU regions.

The inclusion of nonlinearities in input variables and their interaction in the model is strongly
supported by the high significance of parameters at quadratic and interaction terms. Then, we estimated
the parameters of spatial panel models with fixed effects—Spatial Durbin Model (SDMf), Spatial Lag
of X Model (SLXf), and Spatial Autoregressive Model (SARf)—and performed the likelihood ratio tests
for nested models to choose appropriate spatial specification. The outcomes of the models’ estimation
are shown in Table 3.

The Hausman test and likelihood ratio tests for nested spatial panel models with fixed effects
indicate the Spatial Autoregressive Model (SARf) as the best-fitted model. For the SARf model, we
calculate direct and indirect effects of RD and HR variables on TFP at different levels of RD and HR.
As these effects are nonlinear, they are presented with 95 percent confidence intervals in Figure 2.
Interpreting the results, it should be noted that a change in a single observation (region) involved with
any given covariate will have an impact on the region itself (a direct effect) and possibly influence all
other regions indirectly (an indirect effect). In turn, conditional marginal effects are statistics derived
from a previously fit model at fixed values of some covariates and integrating over the remaining ones.
The delta method is used to calculate standard errors.
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Table 3. Estimates of model parameters and specification tests (TFP equation with matrix based on
geographical and economic proximity).

Variable\Model GNSr GNSf SDMf SLXf SARf

TFP
RD 0.0063 *** 0.0082 *** 0.0084 *** 0.0084 *** 0.0084 ***

RD2 –0.0001 *** –0.0002 *** –0.0002 *** –0.0002 *** –0.0002 ***
HR 0.0055 *** 0.0057 *** 0.0057 *** 0.0058 *** 0.0049 ***

HR2 –0.0006 *** –0.0007 *** –0.0007 *** –0.0007 *** –0.0007 ***
RD HR 0.0003 *** 0.0004 *** 0.0004 *** 0.0004 *** 0.0004 ***

UNR 0.0030 *** 0.0040 *** 0.0042 *** 0.0044 *** 0.0042 ***
const 0.0836 ***

W
RD –0.0002 –0.0002 –0.0001 0.0001
HR –0.0003 –0.0010 –0.0010 * –0.0009

TFP 0.2894 *** 0.1096 0.0565 ** 0.0546 **
e.TFP –0.2311 *** –0.0575

sigma_u 0.0407 ***
sigma_e 0.0159 *** 0.0163 *** 0.0164 *** 0.0164 *** 0.0164 ***

Pseudo R2 0.136 0.129 0.130 0.127 0.133
Wald test of spatial terms 75.34 8.50 7.85 2.77 4.95
(p-value) (0.000) (0.075) (0.049) (0.251) (0.026)
I-Moran test 268.91 5.65 4.86 3.75 4.32
(p-value) (0.000) (0.017) (0.028) (0.053) (0.038)

Specification tests
(model/model)

GNSr/GNSf GNSf/SDMf SDMf/SLXf SDMf/SARf

Hausman test 66.92
(p-value) (0.000)
Likelihood ratio test 0.63 5.04 2.87
(p-value) (0.428) (0.025) (0.238)

* p < 0.1, ** p < 0.05, *** p < 0.01.
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Our results show that the direct benefits to regional R&D investments are subject to decreasing
returns, supporting the first hypothesis. As can be seen, there is a point (i.e., 30%), where additional
R&D becomes unproductive. These findings are consistent to some extent with the implications of the
second generation of R&D-based models [18], which suggest the existence of weak scale effects to R&D.
Contrary to the optimistic view of the first generation of R&D models ascribing great importance to
increasing returns to R&D, our research tempers the enthusiasm for nonlimited investments in R&D.
As is shown in the further analyses, the R&D investments require complementary intangible assets to
transform technical inventions into productive innovations. The observed nonlinearity in the R&D
and TFP relationship can provide an explanation for contradictory findings of other empirical papers.
Männasoo et al. [10] find that there is inconsistent evidence for the impact of R&D on regional TFP
growth. They report that this effect is significant in only two of five presented estimations. Moreover,
Beugelsdijk et al. [3] point out that R&D spending has no effect on regional TFP level. On the other
hand, some studies give strong support for the existence of a positive link between R&D and TFP at
the regional level [4].

We found that there are knowledge spillovers in the regional European space. The estimation
of the SARf model reveals that the spatial autocorrelation parameter is positive and significant. This
means that TFP spills over from nearby regions. To find the channels of spillovers, we calculated the
indirect effect of R&D investments. It is also of interest to find that this effect is decreasing. For relatively
low levels of regional R&D expenditures, knowledge spillovers are positive. After passing a threshold
(i.e., where regional R&D equals to 30%), knowledge spillovers become negative. Interpreting these
results, it should be noticed that the indirect effect of R&D is slightly significant since the confidence
interval broadens before and after reaching the threshold.

As regards the direct effect of human capital on TFP, we find strong support for the hypothesis
asserting that human capital takes a nonlinear relationship with regional TFP (Hypothesis 2).
Diminishing returns to human capital meet the expectations formulated on the ground of the traditional
growth accounting methodology. At the same time, the outcomes of the research allow for rejecting the
supposition of a single response coefficient for human capital. At the country level, similar conclusions
are provided by Savvides and Stengos [36], who reveal that the beneficial effects of human resources on
output growth is limited to economies with a lower-middle level of human capital, while for economies
with a very high level of human resources, the effect turns out to be negative. In the case of TFP
growth, the authors reveal that the impact of total years of schooling on TFP growth is nonlinear.
More specifically, there are two thresholds. The former is related to the change of the sign of human
resources impact on TFP growth, while the latter is involved with the change in the monotonicity of
human capital effect. From Figure 2, it can be seen that the point where human capital appears to be
unproductive is about 6%. It suggests that overinvesting in human capital may cause the opposite
effect to the expected one. As with the direct effect of R&D investments, the explanation of this situation
requires a reference to the Redding’s [39] model.

Unfortunately, our results reinforce the inconclusive empirical evidence in the literature on human
capital spillovers at the regional level. Ramos et al. [42] in their empirical study in the sample of
Spanish regions in 1980–2007 show no confirmation for positive regional spillovers of human capital.
Moreover, they even report negative externalities of human capital for some specifications of spatial
lags. Although the indirect effect of human capital in our analyses is decreasing and shows both
positive and negative spillovers, it is hard to draw robust conclusions on its indirect impact on TFP
due to the breadth of confidence interval. It may suggest that the TFP spillover is a complex process
and cannot be explained entirely via human capital and R&D diffusion.

Our findings on the impact of human capital and R&D investments on TFP is extended further by
attempting to measure the synergies and complementarities in this relationship. Figure 3 shows the
direct conditional effect of R&D on TFP at different levels of human capital. As can be seen, there are
increasing returns to R&D when the region simultaneously enhances its stock of human capital. A
theoretical explanation of this finding is provided by Batabyal and Nijkamp [40] in their the multiregion
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model of economic growth with human capital and negative externalities in innovation. With respect
to other empirical studies on a moderating role of human capital in the relationship between R&D
and TFP at the regional level, there is a stream of research on verifying the effect of innovation on
TFP within different spatial modes of innovation. For example, Charlot et al. [53] and Capello and
Lenzi [54] show that the impact of additional R&D expenditures on regional productivity is higher
in units with greater science-based knowledge endowment. What is interesting is that Capello and
Lenzi [5] reveal that regions with a high level of human potential development can gain additional
TFP gains from innovation. The complementary relationship between innovation and human capital
capabilities is also advocated by Sanso-Navarro and Vera-Cabello [55] who study nonlinearities in
regional growth.
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Application of the fixed-effect model means that significant specific factors influencing TFP for
regions are not included in the model. They are present in individual effects term, which is presented
in Figure 4.

The values of individual effects for NUTS2 indicate the regions with specific conditions which are
favorable and unfavorable for productivity. The first group of regions with beneficial conditions for
TFP, consists of the regions with high levels of TFP, e.g., the above-mentioned UK regions, Groningen,
and Düsseldorf. In addition, it is worth paying attention to the high position of Italian regions. On
the other hand, the bottom of this classification does not coincide with the low TFP level regions.
Among regions with unprofitable conditions for TFP are many Spanish, German, and Swedish regions.
This means that even negative territorial preconditions of TFP can be overcome by expenditures on
human resources and R&D. Thus, regions may be characterized by specific territorial patterns of
innovation [56]. Nevertheless, some regions (e.g., Polish regions) have an unexploited potential to
increase their TFP levels. A promising approach that aims to boost the regional productivity growth is
smart specialisation [57]. For example, Kijek and Bolibok [58] show that specialisation in high-tech
manufacturing and high-tech knowledge-intensive services positively affects regional TFP.
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5. Conclusions

Although the empirical literature on TFP drivers at the regional level is large [3,59–61], the results
of research are inconclusive and controversial. From the theoretical perspective, this paper tries to
show that studying TFP determinants by looking at the linear effects of human capital and R&D is
not particularly informative, because these relationships seem to have a nonlinear character. Besides
providing a concise review of theoretical arguments for the nonlinearity in the link between human
resources, R&D investments, and TFP, we enrich the existing literature by studying empirically the
nonlinear effects of two key drivers of TFP in the sample of European regions. This allows us to verify
if there are increasing or decreasing returns to R&D and human capital, and more relevantly, whether
these two kinds of intangibles are complementary or not. To the best of our knowledge, such analyses
have not been presented in the literature on the drivers of regional TFP. We also include the spatial
dimension to our analyses by checking whether TFP within a particular region affects TFP of the
neighbouring regions. An additional novelty on the methodological ground lies in the application
of the Färe–Primont index. Though this index is less known and consequently less applied than the
Malmquist index, it has some required properties (i.e., determinateness and transitivity) that suggest
its use in the analyses. Transitivity allows for the straightforward multilateral and multitemporal
comparisons involving many objects and time periods. For example, the Hicks–Moorsteen index misses
the transitivity requirement. On the other hand, the determinateness property of the Färe–Primont
index means that the linear programs applied for the index calculation are always feasible. It is worth
noting that this attribute is not valid for the Malmquist index.

Interestingly, we reveal that returns to research and development are decreasing and, after reaching
the threshold, become negative. This result supports our first research hypothesis. As mentioned
previously, the theoretical argumentation for the decrease of R&D productivity can be found in the
second generation of R&D-based models [62,63]. These models assume diminishing returns to the
stock of R&D knowledge due to the so-called fishing out effect. The presence of decreasing returns
holds also true for human capital, which provides support for the second hypothesis. Our results reveal
that inter-regional spillovers from TFP occur, i.e., TFP of proximate regions affects local aggregated
productivity. What is important is that the indirect effects of R&D and human resources via TFP
turn out nonlinear. As regards the third hypothesis concerning the relationship between human
resources and R&D, the results prove that they are complementary determinants of TFP. This means
that investments in human capital increase the incremental return to R&D and vice versa. Overall,
these results have a few policy implications. Firstly, regional policies should focus on reducing human
capital deficiencies that result in a decreasing effect of R&D investments. In fact, highly educated
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employees are crucial elements in knowledge creation and imitation processes. On the other hand,
employees cannot fully use their knowledge and skills when the level of R&D investment is too low.
So, regional development policy ought to be built on existing synergies between different types of
knowledge and should be smartly tailored to the specific regional conditions which, as revealed by the
results, may be favorable or unfavorable for productivity. Secondly, the low TFP regions should be
closely linked to the high-productivity European regions, since the findings clearly show the existence
of TFP spillovers. The exchange of codified knowledge and human capital can be realized by both
traditional channels (e.g., physical infrastructure) and digital channels.

In this research, we concentrate on two key drivers of regional productivity, i.e., human capital
and R&D. It seems to be worthwhile to go beyond our analyses at least in three directions. The first
one includes investigating the potential impact of non-R&D innovation investments on TFP, since
innovations may be introduced through activities which do not need R&D (e.g., the acquisition of
external knowledge embodied in advanced machines and equipment or the acquisition of disembodied
knowledge in the form of patents). The second direction of future research is related to the use of other
proxies for human capital. It would be interesting to measure human resources at the regional level
by applying the aggregate human capital index. Such an index could combine measures of human
resources in science and technology with indicators of nontechnical skills and educational attainment.
Finally, we recommend exploring different kinds of proximities that affect knowledge spillovers. As
suggested by Capello and Caragliu [64], empirical findings on nonlinearities in alternative proximity
outcomes of knowledge flows have never been studied. We believe that performing studies on
these issues would be extremely useful to shed new light on the TFP determinants in the European
regional space.

Supplementary Materials: The following are available online at http://www.mdpi.com/2071-1050/12/5/1808/s1.
Annex S1: Estimates of SAR model parameters and specification tests (TFP equation with matrix based on
geographical and economic proximity).
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