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Abstract:  

This study examines the efficiency and development of National Intellectual Capital (NIC) among European Union 

(EU) member states from 2000 to 2022. Utilising a Data Envelopment Analysis (DEA) approach, the research assesses the 

effectiveness with which countries convert Human Capital (HC), Structural Capital (SC), and Relational Capital (RC) into 

innovative and economic outcomes, such as GDP per capita and the Global Innovation Index. The findings indicate both 

temporal convergence and regional disparities in NIC efficiency. Over the period, most EU countries have enhanced their 

capacity to utilise intellectual capital, resulting in increased homogeneity and resilience within the union. Regional differences 

persist: Northern and Western Europe, particularly Scandinavia, the Benelux, and parts of Western Europe, exhibit high DEA 

scores, indicating advanced innovation and robust institutions. Southern and Eastern Europe have lower efficiency due to 

issues related to education, research and development, and institutional factors. The study highlights Structural Capital's role 

in sustaining innovation efficiency, identifies Human Capital as the most adaptable and policy-sensitive component, and 

confirms that EU policies have gradually aligned national intellectual capital performance across member states. 

Keywords: national intellectual capital; human capital; structural capital; relational capital; data envelopment analysis. 
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Introduction 

National wealth, competitiveness, and economic growth are key concerns for leaders, policymakers, and 

global organisations. Consequently, various national rankings, such as the World Competitiveness Yearbook by 

the International Institute for Management Development (IMD), have garnered attention. The Organisation for 

Economic Cooperation and Development (OECD) also assesses and forecasts the future wealth of its member 

countries. These rankings help national leaders understand their country's position globally, identify benchmark 

nations, and develop effective strategies to enhance national development and competitiveness. 

Over the past few decades, intangible assets, such as knowledge, patents, and innovation, have been 

recognised as fundamental sources of wealth and progress (Lin & Edvinsson, 2011). In today’s economy, driven 

by knowledge, intellectual capital is vital for a nation's competitiveness and sustainable growth. Managing intangible 

assets, such as Human, Structural, and Relational Capital, is key to a country’s ability to innovate and adjust to 

economic changes. Together, these components form National Intellectual Capital (NIC), reflecting a country’s 

capacity to develop, disseminate, and utilise knowledge for both economic and social progress.   
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Within the European Union (EU), enhancing the efficiency of intellectual capital has been a key strategic 

objective through initiatives such as the Lisbon Strategy, Europe 2020, and Horizon 2020. The Lisbon Strategy 

aimed to make the EU “the most competitive knowledge-based economy in the world, "while the Europe 2020 

strategy focuses on achieving innovative, sustainable, and inclusive growth. Both strategies emphasise that 

economic development relies heavily on knowledge and intellectual capital (Jednak et al., 2017). However, 

substantial differences still exist among member states in education results, innovation ability, and institutional 

efficiency. It is crucial to understand how well EU countries transform their intellectual resources into concrete 

outcomes to tackle regional disparities and foster unified growth. 

This research employs Data Envelopment Analysis (DEA) to systematically assess the efficiency of National 

Innovation Capabilities (NIC) utilisation among European Union member states over the period spanning 2000 to 

2022. By integrating Human Capital (HC), Social Capital (SC), and Research Capital (RC) as input variables, and 

utilising Gross Domestic Product (GDP) and the Global Innovation Index as output indicators, the analysis 

encompasses both temporal and spatial dimensions of intellectual capital efficiency. The findings elucidate two 

predominant patterns: (1) a general temporal convergence characterised by widespread improvements across 

nations, and (2) a persistent spatial disparity wherein Northern and Western European countries consistently 

outperform their Southern and Eastern counterparts in the cultivation and application of intellectual capital. These 

results contribute to the extant scholarly discourse on the EU’s knowledge economy and underscore critical areas 

for targeted policy implementation. 

1. Literature Review 

The term "intellectual capital" was first used by John Kenneth Galbraith in his pioneering work in 1969 (Pedro 

et al., 2018). Some later definitions referred to intellectual capital as the difference between the accounting and 

market value of an organisation (Stewart & Losee, 1994). Later, Edvinsson & Malone (1997) defined intellectual 

capital as knowledge that can be converted into economic value. The importance of intangible assets and 

intellectual capital was also emphasised by innovation and management theorists such as Schumpeter (1983) and 

Drucker (1954, 1985). Significant attention to the topic of IC was devoted from the early 1990s, when intellectual 

capital began to be understood as non-material capital and part of the knowledge economy (Manzari et al., 2012). 

Studies in the field of intellectual capital research have identified a taxonomy of four phases (Dumay & 

Gagarina, 2012; Guthrie et al., 2012; Labra & Paloma Sánchez, 2013; Roos & O’Connor, 2015). In Table 1, we 

provide a brief description of the basic characteristics of each temporal stage. 

Table 1: Taxonomy of the four stages of intellectual capital 

Stage Period Research focus and direction 

1st Stage: 

Development of a 

theoretical framework 

The late 1980s to 

1990s 

Focus: organisational intellectual capital. Intellectual capital focused 

on realising its importance in creating and managing sustainable 

competitive advantage. 

2nd Stage: 

Development supported 

by empirical evidence 

2000 - 2003 

Focus: organisational intellectual capital. Approaches to measuring 

and managing intellectual capital are demonstrated, justified, and 

supported by empirical evidence. The conceptualisation of specific 

aspects of intellectual capital began (such as incorporation into 

accounting, management, reporting, and measurement of IC). 

Various classifications were created to help define and categorise 

different methods of measuring and evaluating intellectual capital. 

3rd Stage: 

Development of 

research into the 

consequences of using 

intellectual capital 

2004 - Present 

Focus: organisational intellectual capital. Practical analysis with 

deeper utilisation of intellectual capital management (based on 

decisions according to the type of company). 
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Stage Period Research focus and direction 

4th Stage: 

Development of 

regional and national 

intellectual capital 

2004 - Present 

Focus: national and regional IC. Research into intellectual capital 

within the context of ecosystems at the national and regional levels. A 

shift in approach to understanding the drivers of wealth creation, 

which are based on a balance of intellectual and financial measures. 

These approaches aim to create a more holistic vision of national 

innovative capacity and to inform policies and society. This stage 

aligns with current research in the field of intellectual capital, 

incorporating the latest scientific findings. 

Source: own processing according to Pedro et al. (2018) 

Organisational intellectual capital comprises the intangible resources within an organisation, including 

knowledge, information, and intellectual property derived from both human and technological assets. It serves as 

a potential source for generating value for all stakeholders and provides a sustainable competitive edge (Bontis, 

2002; Brooking, 1997; Edvinsson & Malone, 1997; Lev, 2018; Roos & Roos, 1997; Youndt et al., 2004). 

Regional intellectual capital consists of resources within a region, such as knowledge, information, and 

intellectual property from individuals, organizations, communities, and places. These resources support the region's 

economic growth, human development, sustainability, and quality of life. (Bradley, 1997; Edvinsson & Stenfelt, 

1999; Ren, 2008; Schiuma & Lerro, 2008). 

National intellectual capital is a combination of a country's intangible assets, encompassing all types of 

knowledge, information, and intellectual property from individuals, organisations, and regions. These resources 

help generate wealth and support the country's economic growth, alongside human development, sustainability, 

and quality of life. (Bontis, 2002; Corrado et al., 2005; Marinelli et al., 2022). 

In developed countries, economic development is primarily based on knowledge. Traditional factors such 

as land, labour, and capital are no longer the primary sources of growth; however, these factors remain dominant 

in developing countries. Due to rapid technological changes, developed nations have shifted their focus to the 

service sector, whereas developing countries continue to concentrate on agriculture and manufacturing. These 

sectors do not provide high-value-added output, higher employment, productivity, income, or improved living 

standards. To advance their development, developing countries should adopt practices, capital, and technologies 

from developed nations and build strong institutions. Since domestic capital is often insufficient, foreign investment 

plays an important role in their economic growth. Additionally, developing countries should align with the European 

Union and the global economy by fostering a knowledge-based economy. This involves investing in education, 

research, development, and advanced technologies to promote innovation, which in turn enhances productivity, 

income, and living standards. However, this progression is not feasible for all developing nations due to limited 

capital, savings, and external financing sources. Currently, investments primarily target traditional factors and 

sectors, including land, labour, agriculture, and industry (Jednak et al., 2017). 

2. Research Methodology 

As the primary methodological approach, we employ Data Envelopment Analysis (DEA) as an alternative 

valuation technique, which relies on linear programming procedures and applies to a broad spectrum of evaluation 

challenges (Nitkiewicz et al., 2014). DEA is a method developed by Charnes et al. (1978) that measures the 

efficiency of units (e.g., institutions, firms, or counties), called Decision-Making Units (DMUs), by looking at multiple 

inputs and outputs without assuming a specific production process. This method works well for analysing across 

very different settings, such as various countries, legal systems, or economic backgrounds (Cooper et al., 2007; 

Martín-Gamboa & Iribarren, 2021).  
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Two main DEA models are identified: the CCR model (Charnes et al., 1978), assuming constant returns to 

scale, and the BCC model (Banker et al., 1984), which assumes variable returns to scale. Due to the varied 

economic contexts across the global sample, this study uses the input-oriented VRS (BCC) model, allowing for 

efficiency differences arising from scale effects. The input-focused approach is suitable because firms aim to 

minimise their intellectual capital inputs to achieve a certain level of performance. For each country j, the DEA 

model is formulated as follows: 

min
𝜃,𝜆

𝜃  subject to: 𝑌𝜆 ≥ 𝑌𝑗, 𝜃𝑋𝑗 ≥ 𝑋𝜆, 𝜆 ≥ 0, 𝑒′𝜆 = 1, 

where: X and Y represent the inputs and outputs across the countries, 𝜆 is a vector of intensities, 𝜃 is the efficiency 

score (〈0;1〉) and e is a vector of ones. If the country is considering efficient (𝜃=1) it means that the country 

operates on the efficiency frontier.  

Figure 1: Data envelopment analysis 

 
Source: own processing according to Martín-Gamboa & Iribarren (2021) 

The DEA methodology outlined above provides insights into the relative efficiency of decision-making units 

(DMUs). Typically, DMUs evaluated with DEA are assumed to be homogeneous, operating within the same 

environment. Analysing how contextual variables influence efficiency has become a key focus in DEA research. 

Banker et al. (2019) offers an overview of two-stage DEA applications. Generally, in the first stage, DEA software 

calculates efficiency scores based on input and output data. In the second stage, these scores are regressed 

against relevant contextual variables to determine which factors significantly affect performance and to assess their 

influence (see, e.g., Amundsveen et al., 2014; Coelli et al., 2005; Hoff, 2007; Simar & Wilson, 2011; Zhang et al., 

2024). There are two primary uses of this second-stage analysis: one is to understand which factors positively 

influence efficiency, and the other is to adjust for their effects. Yet, the most common method to realise the second 

stage of the DEA approach is OLS, but the authors recommend, as a direction for further research, extended 

techniques such as Tobit Regression, Factorial Logistic Regression, truncated regression, or convex non-

parametric least squares regression (Afsharian et al., 2024; Hoff, 2007; Sklavos et al., 2025; Yadava et al., 2025).  

For this purpose, we use three different approaches to provide robust results. As main approaches in the 

second stage, we use: Ordinary least squares regression (OLS), Tobit Regression (TOBIT) and Fractional 

regression model (FRM) (Hoff, 2007; Papke & Wooldridge, 1996; Ramalho et al., 2010; Tobin, 1958): 
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▪ OLS estimates the linear relationship between the DEA efficiency score 𝐸𝑖of DMU and a vector of 

explanatory variables 𝑋𝑖 : 

𝐸𝑖 =  𝛽0 + 𝛽1𝑋𝑖1 + ⋯ + 𝛽𝑘𝑋𝑖𝑘 + 𝜀𝑖 , 

where: 𝜀𝑖 is the error term. 

▪ The Tobit model addresses the censoring of DEA scores at 1 (fully efficient units) by introducing a latent 

variable 𝐸𝑖
∗: 

𝐸𝑖
∗ = 𝛽0 + 𝛽1𝑋𝑖1 + ⋯ + 𝛽𝑘𝑋𝑖𝑘 + 𝜀𝑖 , 𝜀𝑖~𝑁(0, 𝜎2). 

The observed efficiency score is: 

𝐸𝑖 = {

𝐸𝑖
∗ 𝑖𝑓 0 < 𝐸𝑖

∗ < 1

0 𝑖𝑓 𝐸𝑖
∗ ≥ 1

1 𝑖𝑓 𝐸𝑖
∗ ≤ 0

. 

▪ Fractional regression is designed for proportions bounded between 0 and 1 (which makes that approach 

ideal and highly recommended for DEA). The conditional mean of 𝐸𝑖 is modelled as: 

𝐸(𝐸𝑖|𝑋𝑖) = 𝐺(𝑋𝑖𝛽) =
exp(𝑋𝑖𝛽)

1+exp (𝑋𝑖𝛽)
, 

where 𝐺(∙) is the logistic function, which ensures predicted values remain in [0,1] and accommodates corner 

solutions at 0 or 1.  

To verify the reliability of the DEA efficiency estimates, several robustness procedures were implemented. 

First, the analysis employs both constant returns to scale (CRS) and variable returns to scale (VRS) models. The 

CRS specification provides a benchmark measure of overall technical efficiency under the assumption of 

proportionality between inputs and outputs, whereas the VRS model relaxes this constraint and captures pure 

technical efficiency by removing potential scale effects. Comparing the results of the two approaches allows us to 

assess the sensitivity of country rankings to the assumed production frontier. The close correspondence between 

the CRS and VRS outcomes indicates that the efficiency scores are not materially affected by scale assumptions, 

thereby supporting the robustness of the DEA results. 

In addition, the temporal properties of the efficiency scores were examined using established convergence 

metrics from the productivity literature. σ-convergence was assessed by analysing changes in the cross-sectional 

standard deviation of DEA scores over the study period. A declining level of dispersion suggests increasing 

similarity among EU member states in their utilisation of national intellectual capital and indicates that the DEA 

estimates display stable behaviour over time. Complementing this assessment, β-convergence was evaluated 

through regressions of efficiency growth on lagged efficiency levels. A negative and statistically significant 

coefficient provides evidence of a catch-up mechanism, whereby initially less efficient countries tend to experience 

more rapid improvements than their higher-efficiency counterparts. This dynamic pattern reinforces the 

interpretation that the estimated inefficiencies reflect substantive structural differences rather than random 

variation. 

For the DEA analysis, data were collected from various publicly accessible databases. The variables and 

their respective sources are detailed in Table 2. Data for EU countries spanning the years 2000 to 2022 were 

collected to ensure a comprehensive and longitudinal analysis of trends within the European Union over a 

significant period. This selection period allows for the examination of both short-term fluctuations and long-term 

developments, providing a robust basis for empirical investigation 
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Table 2: Collected variables 

Variable Unit of measure Source Used Abbreviation 

Mean years of schooling Average number of years UNESCO SCHOOL 

Gross enrolment ratio, primary to 
tertiary, both sexes 

Percentage of total population UNESCO ENROLL 

Researchers in R&D 
Number of engaged researchers 
expressed as per million 

World Bank RESEARCHERS 

R&D expenditures Percentage of GDP World Bank RD 

Internet users (ICT access) Percentage of population World Bank ICT 

Institutional quality (Government 
Effectiveness) 

Percentile ranking (0 – 100) World Bank INSTITUTION 

Trade openness Percentage of GDP World Bank TRADE 

FDI inflow Percentage of GDP World Bank FDI 

High-tech exports Percentage of total exports World Bank HI_TECH 

GDP per capita Percentage of annual growth World Bank GDP 

Global innovation index Percentile score (0 – 100) WIPO GII 

Source: own processing 

All collected variables were normalised using the min-max normalisation approach as follows: 

𝑋𝑖
′ =

𝑋𝑖 − min(𝑋)

max(𝑋) − min(𝑋)
, 

where 𝑋𝑖
′ is a normalised variable, 𝑋𝑖  is the original variable for country 𝑖, min(𝑋) and max(𝑋) are the minimum 

and maximum of that variable across the sample. This transformation ensures that all variables lie within 

the interval 〈0,1〉, preserving the proportional differences between observations while eliminating the effect 

of measurement units. 

Using the normalised variables, we calculated the national intellectual capital and its components as follows: 

𝐻𝐶 =
1

𝑛
∑ 𝑋𝑖

′

𝑛

𝑖=1

, 

where HC is Human Capital, and for its calculation, we use the following variables: mean years of schooling, 

enrolment ratio, and researchers in R&D. 

𝑆𝐶 =
1

𝑛
∑ 𝑋𝑖

′,

𝑛

𝑖=1

 

where SC is Structural Capital, and for its calculation, we use variables: R&D expenditures, Internet users (to 

measure ICT access), and institutional quality. 

𝑅𝐶 =
1

𝑛
∑ 𝑋𝑖

′

𝑛

𝑖=1

, 

where RC is Relational Capital, and for its calculation, we use variables: trade openness, FDI inflows, and hi-tech 

exports. 

The overall calculation of National Intellectual Capital is: 

𝑁𝐼𝐶 =
𝐻𝐶+𝑆𝐶+𝑅𝐶

3
.   
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To explore how efficient countries use their intellectual capital, we divide our variables to input and output 

variables as follows: 

▪ Input: Human Capital, Structural Capital and Relational Capital; 

▪ Output: Gross Domestic Product and Global Innovation Index. 

3. Case studies 

Table 3 presents key descriptive statistics for the variables analysed. It reveals considerable variation in 

intellectual capital components among countries and over time. Human Capital (HC) varies from -0.73 to 0.84, 

reflecting significant differences in human resource efficiency and development. Structural Capital (SC) has an 

average of 0.53, indicating that most countries possess robust structures for knowledge creation. Relational Capital 

(RC) has a mean of 0.27 with the smallest standard deviation (SD = 0.10), suggesting more consistent management 

of external relationships. For macroeconomic factors, GDP growth shows variability indicating differing economic 

conditions. The Global Innovation Index ranges highlight global disparities in innovation. Overall, these variable 

variations justify the use of the DEA method and further analysis to evaluate efficiency and performance differences. 

Table 3: Descriptive statistics of inputs and outputs 

Variable Min Mean Max SD 

HC -0.73 0.10 0.84 0.43 

SC -0.22 0.53 0.94 0.24 

RC 0.13 0.27 0.79 0.10 

GDP -14.64 2.35 23.44 4.04 

GII -1 9.16 64.80 7.98 

Source: own processing 

Figure 2: Evolution of the composite National Intellectual Capital (NIC) Index 

 
Note: using the mean NIC Index score across all countries over the selected period 

Source: own processing 
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The decline in the Composite National Intellectual Capital (NIC) Index observed in Figure 2 after 2016 can 

be attributed to several global disruptions. Economic slowdown, trade tensions, and reduced investment in 

education and innovation weakened the formation of intellectual capital. The sharp drop after 2019 likely reflects 

the impact of the COVID-19 pandemic, which disrupted human capital development, research activities, and 

international collaboration. Additionally, geopolitical instability and wars, such as the Russia–Ukraine conflict, 

further constrained knowledge flows and innovation systems, leading to a notable decline in global intellectual 

capital. 

To examine the correlation between variables, we use a correlation matrix illustrated in Figure 3 (correlation 

for the general sample on the left and input-output correlation on the right). 

Figure 3: Evolution of the composite National Intellectual Capital (NIC) Index 

 

 

 

Source: own processing 

Figure 4 illustrates the temporal evolution of the three components of the National Intellectual Capital (NIC) 

within the European Union over the period from 2000 to 2022. The observed trends suggest a consistent hierarchy 

among these components, with Structural Capital (SC) maintaining the highest and most stable levels. This pattern 

indicates a sustained commitment by the EU to invest in research and development, information and 

communication technologies, and institutional capacity, elements that are fundamental to fostering innovation and 

enhancing productivity.  

Figure 4: Evolution of NIC components 

 
Source: own processing 
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Relational Capital (RC) exhibits moderate and relatively stable levels, consistent with the EU’s ongoing 

process of integration and its open trade policies. Small increases in RC correspond to periods of heightened intra-

EU trade and foreign direct investment inflows, indicating a resilient and interconnected external innovation 

network. Conversely, Human Capital (HC) demonstrates considerable fluctuation over time. The upward trajectory 

noted in the early 2000s aligns with advancements in educational attainment and increased tertiary enrolment rates. 

Conversely, the decline observed after 2015 appears to be influenced by demographic shifts, skill mismatches, and 

disparities in educational quality among member states. This pronounced variability underscores HC as the most 

dynamic and policy-sensitive element of NIC within the European Union framework. Overall, the results highlight 

that while SC and RC offer a stable foundation for the EU’s knowledge economy, HC remains the key constraint 

and potential lever for boosting long-term intellectual capital accumulation and innovation capacity. 

Figure 5 shows the distribution of the three main parts of National Intellectual Capital (NIC) across European 

Union countries: Human Capital (HC), Relational Capital (RC), and Structural Capital (SC). Each part has been 

standardised to make comparison easier and to examine differences in their spreads and possible effects on overall 

intellectual capital efficiency. The distribution of Human Capital (HC) reveals a bimodal pattern, with two clear peaks 

around negative and moderately positive normalized values. This indicates a division among EU member states 

regarding human capital development, with some countries showing below-average levels—possibly due to lower 

educational attainment, skill shortages, or limited investment in lifelong learning—while others reach higher levels, 

reflecting strong educational systems and a more skilled workforce. The Relational Capital (RC) component has a 

right-skewed distribution, with most values between 0.2 and 0.4. This shows that, although some countries have 

fairly strong external ties and trust-based networks, most display moderate to low levels of relational capital. 

Structural Capital (SC) exhibits a left-skewed distribution, with values mainly between 0.5 and 0.8. This suggests 

that many EU countries have relatively advanced institutional and infrastructural frameworks that support innovation 

and knowledge management.  

Figure 5: Distribution of NIC components 

 
Source: own processing 

Figure 6 illustrates how DEA efficiency evolved among EU member states from 2000 to 2022, highlighting 

clear temporal and geographic patterns in the use of national intellectual capital (NIC). In the early 2000s, efficiency 

was uneven, with Western and Northern European nations like Luxembourg, Belgium, and the Netherlands typically 

outperforming newer Central and Eastern European members. This initial gap indicates ongoing structural and 

institutional changes in post-transition economies and their slow integration into the EU innovation system. 
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Between 2005 and 2010, a clear convergence trend is evident. Newer members such as Slovakia, Hungary, 

Lithuania, and Malta show significant efficiency improvements, aligning with their EU accession and the absorption 

of structural and cohesion funds. Enhancements in R&D investments, educational systems, and policy 

harmonization played a role in boosting intellectual capital efficiency. Between 2010 and 2015, DEA efficiency 

across several member states shows a brief period of stagnation or slight decline, indicating the lingering impact 

of the global financial crisis and subsequent fiscal consolidation. During this time, countries' ability to convert R&D 

spending and human capital investments into productive and innovative results was temporarily limited. After 2015, 

efficiency scores across EU countries became more similar, reflecting the overall development of the Union’s 

knowledge and innovation systems. Most member states sustained medium-to-high efficiency ratings, implying 

enhanced institutional capacity and better resource management through initiatives like Europe 2020 and Horizon 

2020. By the conclusion of the 2020–2022 observation period, DEA efficiency remains fairly stable and resilient, 

even in the face of external challenges like the COVID-19 pandemic. This indicates that the EU’s sustained focus 

on research collaboration, digital infrastructure, and institutional integration has helped develop a more balanced 

and adaptable innovation ecosystem, reducing disparities between early and late EU members while maintaining 

overall intellectual capital efficiency. 

These efficiency patterns align with earlier observations in the NIC components. Specifically, countries with 

high DEA efficiency generally show robust and steady Structural Capital (SC) performance, while variations in 

Human Capital (HC) are closely linked to efficiency drops. The relative consistency of Relational Capital (RC) 

seems to have bolstered overall resilience, indicating that the post-2015 convergence in DEA scores signifies a 

gradual harmonisation of human and structural capabilities throughout EU member states. 

Figure 6: DEA Efficiency evolution across the countries 

 
Source: own processing 

Figure 7 displays the DEA efficiency scores for how EU countries utilise their National Intellectual Capital 

(NIC). Scores range from 0 (least efficient) to 1 (most efficient), reflecting each country's effectiveness in converting 

intellectual capital inputs into productive outputs. The map's colour gradient varies from yellow (indicating low 

efficiency) through orange and magenta (medium efficiency) to dark purple (high efficiency). This progression 

clearly highlights regional differences in NIC utilisation efficiency. Northern and Western European nations, 

particularly those in Scandinavia, the Benelux region, and parts of Western Europe, exhibit higher DEA scores, 

shown by darker purple shades. These regions appear to manage and leverage their intellectual capital more 

effectively, suggesting mature innovation systems, strong human resources, and well-established institutional 

support for knowledge-driven activities. Conversely, countries in Southern and Eastern Europe tend to have lower 

DEA scores, represented by lighter orange and magenta colours. This indicates that these nations face challenges 

in effectively harnessing their intellectual capital for economic and social benefits. Contributing factors may include 

weaker innovation systems, less advanced research infrastructure, and lower investment in education and research 

and development (R&D).  
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Figure 7: DEA Efficiency across EU countries 

 
Source: own processing 

The second stage findings sharpen the narrative about why some countries appear more or less efficient in 

the DEA framework by linking relative efficiency to observable macro-level determinants. The results of the models 

used in the second stage are illustrated in Table 4. 

Table 4: Economic determinants of DEA efficiency 

 TOBIT FRM OLS 

(Intercept) 0.670*** 0.765* 0.669*** 

INSTITUTION -0.004*** -0.020*** -0.004*** 

RD -0.022 -0.138 -0.021 

ICT 0.008*** 0.041*** 0.008*** 

TRADE -0.001*** -0.005*** -0.001*** 

FDI 0.000 0.001 0.000 

HI_TECH -0.005*** -0.023*** -0.005*** 

logSigma -1.688***   

R2   0.233 

R2 Adj.   0.222 

RMSE  0.17 0.17 

Std. Errors  IID Heteroskedasticity-robust 

Source: own processing 

The strong positive association between ICT and efficiency underscores the significance of digital 

infrastructure as a universal catalyst for productivity, enabling real-time data exchange, streamlined operations, 

and cross-border collaboration that bring entities closer to optimal performance levels. This pattern holds 

particularly true given the widespread adoption of digital technologies across various sectors and regions. The 

observed negative relationship between Institutional Quality and DEA efficiency requires careful interpretation. 

While robust institutions are generally linked to superior overall performance, in a cross-country DEA analysis, this 

may reflect effects related to proximity to the efficiency frontier and measurement nuances.   
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Countries with high-quality institutions often adopt more detailed reporting, auditing, and control protocols, 

which can unearth inefficiencies not visible under less rigorous oversight. In essence, the efficiency frontier 

becomes more stringent in well-governed economies, making it more challenging for individual units to demonstrate 

significant relative gains within the 0–1 efficiency scale. This does not undermine the value of good governance; 

rather, it illustrates how the DEA framework highlights both the concealment and exposure of inefficiencies as 

oversight intensifies. The negative and significant coefficient associated with HI_TECH aligns with the 

understanding that high-technology, innovative sectors operate on extended development timelines and involve 

greater process complexity. While these sectors are vital for sustained long-term productivity growth, they often 

necessitate considerable transformations and capital reallocations before noticeable efficiency enhancements 

occur, especially in cross-sectional analyses. Accordingly, specialization in high-tech industries may correlate with 

lower relative efficiency despite delivering high absolute performance in other areas.  

Trade openness exerts a modest yet negative impact on efficiency, suggesting that increased openness 

may prompt reallocation pressures and vulnerability to external shocks, temporarily suppressing efficiency relative 

to the frontier. Nonetheless, the sign and significance vary across model specifications, indicating a complex 

interplay between openness, sectoral structure, and national absorptive capacity in shaping efficiency outcomes. 

FDI demonstrates limited systematic association with efficiency, implying that total inflows alone do not determine 

proximity to the frontier. The apparent weak link indicates that the impact of FDI depends on its sectoral allocation, 

integration with local capabilities, and synergy with domestic productivity strategies. Further research could benefit 

from disaggregating FDI data by sector and host country absorptive capacity to better elucidate the channels 

through which foreign investment influences efficiency. Similarly, R&D expenditure shows no statistically significant 

effect, suggesting that at the macro level, aggregate R&D intensity may not directly translate into relative efficiency 

gains as captured by DEA. This could be due to lag effects, variations in R&D efficiency across countries, or sector-

specific dynamics delaying measurable improvements. Recognizing this insignificance emphasizes the importance 

of assessing both the scale and effectiveness of innovation investments, rather than assuming uniform returns. 

Figure 8: DEA Efficiency scores as a regressor of macroeconomic, institutional and regulatory variables 

 
Source: own processing 

To confirm the robustness of the estimated National Intellectual Capital (NIC) efficiency scores, both 

constant returns to scale (CRS) and variable returns to scale (VRS) models were computed. The comparison 

reveals a mean CRS efficiency of 0.501 and a mean VRS efficiency of 0.749, indicating that scale-adjusted VRS 

scores generally identify a higher potential for efficiency gains across EU member states. The correlation between 

CRS and VRS efficiency scores is 0.639, suggesting a moderate-to-strong consistency in country rankings across 

the two scale assumptions. CRS–VRS scatterplot (see Figure 9) further validates model robustness: most 

observations are positioned above the 45-degree line, as theoretically expected, since the VRS frontier envelops 

the CRS frontier. This confirms that inefficiencies are not driven by scale artefacts but are instead inherent to factor 



Volume XX, Winter, Issue 4(90), 2025 

 887 

utilisation differences across countries. The choice of the VRS model is therefore justified, as EU countries differ 

substantially in economic size, factor endowments, and institutional capacities, making variable returns to scale a 

more realistic representation of the production environment. 

 Figure 9: CRS vs VRS DEA Efficiency Scores 

 
Source: own processing 

Figure 10 presents the temporal evolution of the standard deviation of VRS DEA efficiency scores for EU 

member states over the period 1999–2022. The results reveal a pronounced long-term decline in dispersion, albeit 

with several cyclical oscillations. During the early years (1999 - 2008), cross-country variation remained 

comparatively elevated (SD ≈ 0.16–0.18). Following the 2008–2009 financial crisis, however, dispersion began a 

persistent downward trajectory, reaching its lowest point in 2011 (SD = 0.103). While a modest re-divergence is 

observable after 2018, the overall post-2010 pattern reflects markedly lower variability than in the early 2000s. This 

downward shift in dispersion is indicative of σ-convergence, suggesting that structural differences in NIC-related 

efficiency across EU economies have gradually diminished. 

 Figure 10: σ-convergence of DEA Efficiency in EU countries 

 
Source: own processing 

Figure 11 examines β-convergence by regressing the growth rate of DEA efficiency on its lagged level. The 

scatterplot and fitted regression line show a negative and statistically significant slope coefficient, implying that 

countries starting with relatively low NIC efficiency experience stronger subsequent improvements compared to 

initially high-performing peers. This catch-up effect provides robust evidence of β-convergence in NIC utilisation. 

The pattern is consistent with broader integration-related processes within the EU, including cohesion policy, 

targeted R&D harmonisation efforts, and ongoing institutional reforms—particularly within Central and Eastern 

European member states. 
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 Figure 11: β-convergence of NIC DEA Efficiency in EU countries 

 
Source: own processing 

The DEA efficiency results show significant differences in how EU countries leverage their National 

Intellectual Capital (NIC) to produce socioeconomic benefits. The map reveals a distinct north–south and west–

east pattern, with Northern and Western European nations, such as the Nordic countries, the Benelux countries, 

and parts of Western Europe, demonstrating higher efficiency scores. In contrast, Southern and Eastern European 

nations perform less effectively. These outcomes correspond with extensive research highlighting structural and 

institutional disparities in innovation and knowledge-driven growth across the EU (Archibugi & Filippetti, 2018; 

Crescenzi et al., 2020; Fagerberg & Srholec, 2008).  

The regional differences in DEA efficiency mirror longstanding gaps in national innovation systems and the 

development of intellectual capital. As Lundvall (2016) and Edquist (2013) suggest that nations with advanced 

systems for learning, innovation, and institutional coordination are better at transforming intangible assets, such as 

human skills, knowledge networks, and organisational routines — into productive outcomes. The higher DEA 

scores seen in Northern and Western Europe support this idea: these regions have traditionally invested in 

education, research, and innovation infrastructure that boost knowledge creation and dissemination (Fagerberg & 

Srholec, 2008). In contrast, Southern and Eastern EU countries often show weaker systemic coordination and less 

developed innovation networks. Research by Radosevic & Yoruk (2016) and Krammer (2017) link this to limited 

R&D spending, fragmented policy execution, and lower absorptive capacity of firms and institutions. Consequently, 

even when these countries establish physical or institutional frameworks to support innovation, their capacity to 

convert intellectual capital into tangible efficiency remains limited. Kozuń-Cieślak & Svidroňová (2024) show that 

post-communist EU member states consistently underperform in transforming innovation inputs into outputs, with 

Poland and Lithuania recording some of the lowest DEA efficiency levels among the 11 countries examined. Their 

findings closely mirror the pattern observed in the present study, indicating that inefficiencies in Eastern and 

Southern Europe are persistent and systemic rather than temporary. This supports the interpretation that structural 

weaknesses continue to impede the conversion of knowledge assets into productive outcomes. 

New findings deepen this understanding by highlighting additional dimensions of intellectual capital that 

influence efficiency. According to Cabrilo et al. (2024), innovation performance increasingly depends not only on 

human, structural, and relational capital but also on entrepreneurial capital, trust capital, and renewal capital, 

particularly when these interact with digital knowledge-management systems. Countries in Northern Europe 

typically score higher in these emerging dimensions, suggesting a more holistic and modern approach to managing 

intellectual capital. This may explain why they achieve higher DEA efficiency: they do not merely invest in traditional 

IC components but also integrate advanced digital and organisational practices that enhance knowledge utilisation. 
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Institutional and governance factors have a significant influence on DEA efficiency results. Rodríguez-Pose 

& Di Cataldo (2015) found that regions with better governance, characterised by effective regulation, transparency, 

and competent administration, tend to perform better in innovation, likewise, Chowdhury et al. (2019) and Balcerzak 

(2016) highlighted that good institutional quality improves the efficient use of human and relational capital, thereby 

boosting the utilisation of intellectual capital. The latest DEA data support this trend: nations with stable institutions 

and strong governance consistently attain higher efficiency scores. The relatively lower DEA performance in several 

Southern and Eastern European countries can thus be interpreted through the lens of institutional gaps. Weak 

policy coordination, bureaucratic inefficiencies, and underdeveloped innovation governance have limited their 

capacity to convert intellectual inputs into economic and technological outcomes (Archibugi & Filippetti, 2018; 

European Commission, 2023). Recent research reinforces this institutional explanation. Gianelle et al. (2023) 

demonstrate that the governance quality of regional innovation policy has significant macroeconomic implications 

across EU regions, with countries exhibiting stronger administrative capacity and coordination mechanisms 

achieving systematically better innovation and economic outcomes. These findings confirm that governance is not 

only a complementary factor but a central determinant of how effectively nations transform intellectual capital into 

measurable results. Thus, institutional weaknesses present in parts of Southern and Eastern Europe likely 

represent a fundamental constraint on DEA efficiency. 

The findings align with previous research emphasising the significance of Human Capital (HC) and 

Relational Capital (RC) as key factors in enhancing intellectual capital efficiency. Studies by Fagerberg & Srholec 

(2008) and Crescenzi et al. (2020) indicate that investing in human capital, through education, continuous learning, 

and skill development, strongly correlates with higher innovation productivity. Likewise, Nahapiet & Ghoshal (1998) 

and Carayannis & Grigoroudis (2014) highlight relational capital, fostered by trust, collaboration, and inter-

organisational connections, as crucial for effective knowledge sharing. Huian et al. (2024), analysing Romanian 

public research institutes, find that efficient management of human, structural, and relational capital significantly 

improves the success of technology transfer activities such as patents, licensing, and spin-off creation. As Romania 

is one of the countries with lower innovation efficiency in the EU, their results demonstrate that specific IC 

components, and how well they are managed, directly affect the ability of institutions to generate economic benefits 

from knowledge. These findings suggest that the challenges observed in the DEA analysis are not only national-

level problems but also present within organisations operating in lower-performing innovation systems. 

DEA results indicate that nations with higher efficiency tend to excel in these areas. For instance, Nordic 

and Western EU countries feature societies with high trust levels, solid connections between academia and 

industry, and unified innovation networks, all of which boost social and relational capital. In contrast, countries with 

lower efficiency frequently have fragmented innovation systems and weaker social capital, which restricts their 

capacity to utilise structural and human resources effectively (Krammer, 2017; Rodríguez-Pose & Di Cataldo, 

2015). 

From a policy standpoint, these findings highlight the need for balanced growth in intellectual capital and 

coherent innovation policies. Simply increasing investment may not lead to better efficiency if institutional 

coordination, governance, and human resources are weak (Carayannis & Grigoroudis, 2014; OECD, 2021). 

Therefore, effective policies should focus on: 

▪ Human Capital development should prioritise measures that go beyond general education spending and 

focus on adaptability and alignment with emerging technological needs. This includes establishing national 

skills foresight units to coordinate long-term labour-market planning, expanding digital skills and micro-

credential systems, and implementing sector-specific upskilling partnerships that embed firms directly into 

training pipelines. Countries experiencing skilled emigration should introduce STEM talent-return 

fellowships, tax incentives, and relocation support to rebuild their innovation workforce. 

▪ Strengthening Relational Capital requires deepening the connections between firms, universities, and public 

institutions. This can be achieved by creating regional knowledge-broker agencies that actively facilitate 

R&D partnerships, mandating open-innovation requirements in public research grants (e.g., compulsory 
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industry–university collaboration), and developing digital innovation marketplaces to integrate SMEs into 

research networks. Such measures enhance trust, collaborative density, and knowledge diffusion—key 

factors for transforming intellectual capital into measurable innovation outcomes. 

▪ Governance and Structural Capital reforms are essential for ensuring that knowledge resources are 

efficiently absorbed and utilised. Policy stability, transparent administration, and predictable funding 

mechanisms are particularly important. Governments should establish central Innovation Delivery Units to 

coordinate fragmented R&D policies, introduce performance benchmarks for judicial efficiency, especially 

in IP and commercial disputes—and concentrate investments into regional smart innovation zones where 

R&D subsidies, digital infrastructure, and technology-transfer services are geographically clustered. These 

reforms directly strengthen institutional quality, reduce friction in innovation processes, and improve the 

overall absorptive capacity of national innovation systems. 

These priorities align with the European Innovation Scoreboard (European Commission, 2023), which also 

highlights regional innovation inequalities and the need for cohesive, multi-level governance approaches to improve 

knowledge utilisation efficiency. 

The DEA results support theoretical perspectives that conceptualise innovation efficiency as a function of 

system integration rather than resource abundance. As proposed by Lundvall (2016) and Edvinsson & Malone 

(1997), the capacity to utilise intellectual capital effectively depends on the interaction between human, structural, 

and relational elements within a coherent institutional framework. The north–south and west–east efficiency divide 

thus reflects systemic maturity differences, not merely input disparities. 

Conclusion 

This comprehensive study provides an in-depth, scholarly analysis of the evolution of the National 

Intellectual Capital (NIC) efficiency within the European Union over the past two decades. Utilizing Data 

Envelopment Analysis (DEA), the findings initially reveal marked disparities in efficiency levels, delineating a clear 

distinction between the older, industrialized member states and their newer counterparts. Over time, these 

disparities have progressively diminished, underscoring the effectiveness of EU-led policy harmonization, 

increased investments in research and development (R&D), and improvements in educational infrastructures, all 

aligned with the EU’s overarching innovation strategies. 

Spatially, the analysis demonstrates that Northern and Western European nations, such as those in 

Scandinavia and the Benelux region, consistently register high DEA efficiency scores. These results are indicative 

of their well-developed innovation ecosystems, robust institutional frameworks, and adept resource management 

practices. Conversely, Southern and Eastern European countries tend to record lower efficiency scores, which 

reflect structural challenges including less developed research infrastructures, weaker innovation systems, and 

comparatively lower R&D expenditures. Nevertheless, emerging evidence of progress in some of these nations 

suggests a potential trajectory towards long-term convergence within the EU. 

Regarding the three dimensions of NIC, Structural Capital emerges as the most stable component, exerting 

the greatest influence on overall efficiency, while Human Capital exhibits greater variability and responsiveness to 

policy reforms. Relational Capital functions as a stabilizing factor, fostering open trade and collaborative networks 

that underpin system resilience. 

By the year 2022, a majority of EU member states demonstrate moderate to high levels of DEA efficiency, 

indicative of a more integrated and balanced innovation landscape. Despite these advancements, persistent 

regional disparities highlight the imperative for targeted policy interventions aimed at bolstering human capital, 

enhancing research infrastructure, and strengthening institutional capacities. Such measures are essential to 

ensuring equitable participation across all member states in the knowledge-based economy, thereby supporting 

sustained, innovation-driven economic growth throughout the European Union.  



Volume XX, Winter, Issue 4(90), 2025 

 891 

Importantly, this study also incorporates a robust second-stage analytical framework to deepen the empirical 

insights generated by the DEA models. The use of Tobit regression, fractional response models (FRM), and OLS 

estimations provides strong evidence on the institutional, socioeconomic, and structural factors driving variations 

in NIC efficiency. Furthermore, the application of both Variable Returns to Scale (VRS) and Constant Returns to 

Scale (CRS) DEA specifications confirms the consistency and reliability of the efficiency patterns observed. 

Complementary assessments of sigma and beta convergence shed additional light on whether EU member states 

are becoming more similar in their NIC efficiency over time or whether divergence remains entrenched. Together, 

these methodological extensions strengthen the study’s conclusions and offer a multidimensional perspective on 

the evolution of intellectual capital across the EU, reinforcing the need for coherent, long-term policy strategies to 

support sustainable convergence. 
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