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1. Introduction 

Technological change is a sign of contemporary times. Technology, which serves as the basis 
for manufacturing products, and its long-term evolution are among the primary driving forces 
behind the development of contemporary economies. Over time, production factors and 
their relationships undergo significant changes, causing alterations in the specific nature of 
development processes in global economies. The varying pace of technological progress is 
becoming one of the primary causes of the creation and deepening of differences in the 
level and dynamics of economic development worldwide (Çalışkan, 2015; Parente & Prescott, 
1999; Romer, 1990).

Nowadays, one can observe a process of economic convergence among highly developed 
countries. This process is particularly prominent in economies belonging to various types of 
integration groups. Several factors contribute to shaping these trends. The synergistic effect 
of their action is the convergence of per capita incomes between countries. Technological 
changes are an important factor driving the convergence of economies. As a result, techno-
logical convergence is one of the main forces driving economic convergence (Žižmond & 
Novak, 2007, p. 633).
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The purpose of the article is to measure the technological level of the EU-27 economies 
and to assess the degree and direction of technological convergence among these coun-
tries. The article applies the dynamic TOPSIS method (using Weber median in the process of 
normalization) and the σ- and β-convergence methods. The study covers the years 2007 to 
2023. The study formulates a hypothesis that global supply shocks (the pandemic and the war 
in Ukraine, which deepened the geopolitical crisis in the world) occurring from 2020 slowed 
down the pace of technological convergence of the EU-27 economies.

The authors would like to express their sincere gratitude to the Reviewers for their valuable 
comments and suggestions, which significantly contributed to improving the quality of this 
paper.

2. Theoretical background

The conceptualization of the concept of technology is not a straightforward task, as it is 
a heterogeneous and multidimensional category. In economics, technology is most often 
identified with material resources and the relationships between them (Bijker et  al., 1993, 
p. 4). It is viewed as a physical manifestation of the practical application of human knowledge 
(Mesthene, 1970), which becomes an essential resource for companies in their production 
processes (Steele, 1989, p. 6; Trott, 2012, p. 19), thereby shaping their competitive advan-
tages (Torkkeli & Tuominen, 2002, p. 272). Nowadays, a broader approach to this category 
is increasingly encountered. Technology is identified with a combination of three elements, 
linked by static and dynamic relationships (network), namely: human capital, i.e., brainware, 
material capital, i.e., hardware, and broadly understood intangible (disembodied) resources, 
i.e., software (Georgantzas, 2015, p. 96; Karagözoğlu, 2017, p. 106; Zeleny, 1986, p. 110). That 
definition is applied in the article.

Over the years, the interpretation and nature of technological change in macroeconomic 
research have evolved. Solow (1957, p. 312) used the term “technological change” to refer to 
any shift in the macroeconomic production function, whether a slowdown or acceleration in 
qualitative changes in labor and capital inputs. Based on the neoclassical production func-
tion (Cobb & Douglas, 1928), he extracted it from the growth rate in the form of a location 
parameter, referred to as the Solow residual (equated with the total factor productivity, i.e., 
TFP). In this manner, qualitative changes in production factors were separated from them and 
attributed to exogenous technological change (Mata & Louçã, 2009, p. 336). In Solow’s ap-
proach, technological change is “just a black box, outside the model and outside the influence of 
economic incentives” (Acemoğlu, 2009, p. 69), which may, in a sense, exempt us from searching 
for the factors that determine it. Romer (1986, 1990) attributed the feature of endogeneity to 
technological changes. Including them in the group of internal factors, expanded the possibili-
ties for research into their determinants. However, above all, it made it possible to link them 
to other determinants of growth.

In this article, technological change is understood as any change in the technological level 
of the economy (macroeconomic approach). Suppose these changes are positive (improve-
ment in the technological level), they can be described as technological progress. And if they 
are negative (deterioration in the technological level), they can be described as technological 
regression.
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The economic convergence is one of the most important issues considered in macroeco-
nomic research. In fact, since the 1990s, a debate in the literature has emerged, leading to a 
new perspective on the long-term development patterns of modern economies (Islam, 2003). 
Since then, several studies have been published to determine the scale and sources of differ-
ences in the development of economies and regions around the world. In research on eco-
nomic convergence, the discourse on how to understand and measure it is still relevant (Galor, 
1996, pp. 1056–1057). In the vast majority of cases, the analysis focuses mainly on changes 
in the level and dynamics of per capita income (Barro & Sala-i-Martin, 1991; Chatterji, 1992; 
Harb et al., 2024). However, this approach appears to be overly reductionist (Grafström & Alm, 
2025, pp. 730–731) and is no longer sufficient today (Strielkowski & Höschle, 2016, p. 628).  
It is also worthwhile to consider technological changes (de la Fuente, 1997, p. 69), which 
enable a deeper examination of economic convergence, particularly that occurring between 
highly developed economies (Rodrik, 2022, pp. 78–80).

Convergence in technological advancement drives convergence in per capita income in 
the long term. To a certain extent, income convergence can be achieved without technological 
convergence. Archibugi and Pianta (1994) revealed that in the 1980s, EU countries experienced 
income convergence accompanied by technological divergence. There are also opinions that 
technological progress can lead to an acceleration in economic growth only in countries with 
low or medium levels of development, as “the contribution of technological diffusion to income 
convergence is probably almost exhausted by now, as most countries should be quite close to 
their stationary level of relative technical efficiency” (de la Fuente, 1997, p. 66).

Technological changes are crucial in escaping the middle-income trap. Technological 
progress, supported by investments in human capital, accelerates economic growth and 
helps close the technological gap (Andreoni & Tregenna, 2020). The authors use the term 
“the middle-income technology trap” to highlight the strong connection between the middle-
income trap and technological development. Their research reveals that countries that invest 
in technology, industrial policy, entrepreneurship support, and property rights protection have 
been successful.

The implementation of public policies ensuring access to technological infrastructure, to-
gether with appropriate labor market policies and intellectual property rights protection, are 
essential in the context of technological progress in economies (Agénor et al., 2012). In less 
developed countries, policies promoting structural transformation, i.e., the transfer of labor 
from agriculture to industry and services, and the adaptation of foreign technologies are nec-
essary. In the later stages of income and productivity growth, investments in new technologies 
become crucial, generating significant marginal benefits from the diffusion of knowledge. The 
causes of the low convergence rate of countries caught in the middle-income trap include 
among others high prices of investment goods and low levels of exports of industrial goods 
and advanced technologies (Lee, 2020).

The article assumes that technological convergence is a form of absolute economic con-
vergence in terms of the technological level of the economy. On the one hand, it is a process 
of catching up by economies with a low technological level with those with a high technologi-
cal level (β-technological convergence), and also a process of reducing differences between 
economies in this respect (σ-technological convergence). The approach to technological 
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convergence used in this article is an alternative to the commonly used assessment through 
changes in TFP (Cameron et al., 2005, pp. 779–781; Kusideł, 2013, p. 30).

Countries that invest in new technologies can achieve a range of economic, social, and 
environmental benefits. This requires adequate investment in research and development, as 
well as improvements in human capital, particularly in terms of learning-by-doing processes 
(Arrow, 1962), improving the quality of education, and knowledge accumulation (Acemoğlu, 
2009). It is also necessary to create a favorable environment for institutions (securing property 
rights and conducting business activities) and organizations (Coe et al., 2009). Globalization 
(Archibugi & Pietrobelli, 2003) and economic integration are also important factors in tech-
nological convergence. They enhance the transfer of knowledge between economies, which 
can lead to beneficial technological advancements in less developed economies (Filippetti & 
Peyrache, 2017, p. 284). The diffusion and absorption of technology can accelerate the pro-
cess of technological convergence, but may not be “powerful enough to overcome the erosion 
of absorptive capacity causing divergence” (Howitt & Mayer-Foulkes, 2005, p. 173) between 
economies. Countries that do not invest in technological progress or invest on a small scale 
usually face difficulties in reaping the benefits from the implementation of imported new 
solutions (Castellacci, 2011, p. 180).

The article formulates a research proposition according to which supply shocks occur-
ring from 2020 have significantly slowed down the pace of technological convergence 
of the EU-27 economies. These economies are linked not only by geographical proximity, 
but also by membership in the European Union’s integration structures. Therefore, it can be 
expected that they will gradually become more similar in terms of technological level, thanks 
to the numerous benefits of EU membership. Economic integration promotes technological 
convergence. In particular, countries with a relatively lower technological level are observed 
to be raising their technological level. Thanks to their participation in the single market, they 
can achieve several benefits (Szczepańska-Woszczyna et al., 2022, pp. 1584–1586) from easier 
access to physical capital and financing for technological activities (Petrova & Sznajder Lee, 
2024), improved transfer of knowledge and technology (Hafner, 2014), and the flow of skilled 
labor (Golynker, 2020; Șerban et al., 2020).

3. Research methods

3.1. The TOPSIS algorithm with the Weber median normalization

The technological level of the economy is a highly complex and directly unobservable cate-
gory. A single indicator cannot determine it. Consequently, empirical analysis needs to rely on 
a synthetic (composite) indicator of technology level to achieve a linear ordering of objects 
and to capture the multidimensional nature of such a phenomenon. 

The literature offers a broad range of statistical approaches for constructing composite 
indicators, reflecting different conceptual and methodological perspectives on aggregation 
and measurement (Młodak, 2006; Nardo et al., 2005).

In the study, a synthetic measure is constructed to identify the differentiation of EU-27 
economies in terms of their technological level over the period 2007–2023  and to assess 
the extent of technological convergence or divergence within this group of countries. The 
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paper applies an extended TOPSIS algorithm (Hwang & Yoon, 1981), based on the use of the 
Weber median (L1 median), to construct the composite measure of the technological level of 
the EU-27 economies. The procedure proceeds in the following stages (Kozera et al., 2017,  
pp. 274–276; Kozera & Głowicka-Wołoszyn, 2016, pp. 526–527):

Stage 1. The selection of diagnostic variables (indicators) based on substantive and statistical 
premises.

	
,n k ijx´

é ù= ê úë û
 	 (1)

where: x is a diagnostic variable (indicator); i is an object number (1, 2, …, n); j is a diagnostic 
variable (indicator) number (1, 2, …, k).

Selected diagnostic variables should be commonly known, applied in contemporary 
empirical studies, and possess appropriate statistical properties. The final set of diagnostic 
variables should consist only of such variables that (Nowak, 1990, pp. 24–28):

	■ are in the form of intensity indicators, thus enabling comparative analysis of objects;
	■ are characterized by a sufficiently high ability to discriminate objects, namely adequate 
cross-sectional differentiation; this criterion is considered to be fulfilled if diagnostic 
variables record a value of the classical coefficient of variation (2) of 10% or higher;
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	■ are correlated with each other properly, that is: 1) the direction of correlation between 
diagnostic variables is consistent as to the sign, and 2) they are not strongly correlated 
with each other (they do not duplicate the information loading)1.

Stage 2. The standardization of the values of diagnostic variables using the Weber median 
vector2.
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where:  med  is a Weber median vector element (the Weber median); mad  is a median absolute 
deviation; 1.4826 is a fixed correction factor for the value of the median absolute deviation 
from the sample.

1	In order to eliminate diagnostic variables that are too highly correlated with the others, the technique of diagonal 
element inverse correlation matrix was applied (Malina & Zeliaś, 1997). Variables are gradually excluded from the set 
until the correct numerical properties of the correlation matrix are obtained, that is, the absolute values of the diagonal 
elements of the inverse correlation matrix are lower than 15.

2	The Weber median vector can be calculated using an Excel spreadsheet (Solver add-in, evolutionary programming) or 
the pcaPP package (l1median function) from the R computing environment.
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“The Weber median is presented in the literature as a multi-dimensional generalization of 
the classical notion of the median” (Cheba et al., 2023, p. 452). The use of the Weber median 
vector in the standardization of variables (4) has two main advantages. First, it allows for 
the obtaining of results that are resistant to outliers, limiting their negative impact on the 
reliability of the results obtained, and also reduces the problem of asymmetric distribution of 
variables (Łuczak & Just, 2020). Secondly, it “treats the set of diagnostic variables as a whole, 
maximizing the exploitation of all their mutual relationships” (Młodak, 2006, p. 138)3. These 
are two properties that contribute to improving the credibility of the constructed synthetic 
measure (Nardo et al., 2005, pp. 20–21).

Stage 3. The determination of the common pattern (ideal solution) and the anti-pattern 
(non-ideal solution).

	
( ) ( )0 0max ,  min ,j ijt j ijtii

z z z z+ -= = 	 (6)

where: t – year of the study (t = 2007, 2008, …, T; T = 2023).
The adoption of a common pattern and anti-pattern (6) when calculating the synthetic 

variable for all analyzed years allows for the assessment and comparison of changes in its 
values over time. The use of a dynamic measurement approach is crucial in the analysis of 
convergence, both β and σ types.

Stage 4. The calculation of median distances from the pattern and anti-pattern.
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Stage 5. The construction of a synthetic measure.
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The synthetic measure (8) takes values from 0.000 to 1.000, with higher values indicating a 
higher level of the phenomenon under study that is not directly observable.

Stage 6. The classification of objects according to the synthetic measure values using the 
mean and standard deviation.

	■ Class I, i.e., countries with a relatively very high level of synthetic measure values:

	
.j j ijq s q+ £ 	 (9)

	■ Class II, i.e., countries with a relatively high level of synthetic measure values:

	
.j ij j jq qq s£ < + 	 (10)

	■ Class III, i.e., countries with a relatively moderate level of synthetic measure values:

	
.j j ij js qq q- £ < 	 (11)

3	It should be noted that multivariate dimension-reduction techniques, such as Principal Component Analysis (PCA) or 
Factor Analysis (FA), also treat the set of variables jointly by explicitly exploiting their correlation structure. However, 
unlike the Weber median–based approach, they rely on second-moment-based statistics and are therefore sensitive to 
outliers and distributional asymmetries (Hubert et al., 2012, p. 64).
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	■ Class IV, i.e., countries with a relatively low level of synthetic measure values:

	
.ij j jqq s< - 	 (12)

Stage 7. The assessment of the discriminatory capabilities of a synthetic measure using the 
Sokołowski coefficient (1985).
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The Sokolowski coefficient (13) ranges from 0.000 to 0.962 (for 27 objects, i.e., EU-27), with 
higher values indicating a better ability of the synthetic variable to group objects.

Stage 8. Robustness analysis using alternative aggregation methods.
To assess the robustness of the results with respect to the choice of aggregation method, 

alternative synthetic measures were constructed using:
	■ an extended TOPSIS algorithm, applied in the article, but employing the Chebyshev, 
instead of the median, distance metric, which reduces compensability (Munda, 2005, 
pp. 121–124) by focusing on the largest deviation from the ideal solution (Zeng et al., 
2013, pp. 851‒852), and

	■ a Principal Component Analysis (Hotelling, 1933) based ranking (employing panel 
standardization, using a common mean and standard deviation over the entire period), 
which serves as a statistical benchmark by identifying the dominant latent dimension of 
variability in the set of technological indicators, independent of any normative aggre-
gation rule (Filmer & Pritchett, 2001, pp. 116‒117; Lialikava et al., 2020, pp. 157–158).

The robustness of the rankings with respect to the choice of the aggregation method is 
assessed using the following measures (Lorenz & Löffler, 2015, pp. 199‒200): Spearman’s 
ρ-correlation coefficient and the median of absolute rank differences across countries (14).
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3.2. Measures of σ- and β-convergence  
in measuring technological convergence

The analysis of technological convergence is based on a dynamic analysis of the values of 
a constructed measure of the technological level of the economy and the values of the 
indicators used to create it. It proceeds in the following steps:

Stage 1. The calculation of synthetic variables for selected years.
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Stage 2. The determination of coefficients of variation for a synthetic variable in selected 
years.
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Stage 3. The assessment of σ-technological convergence based on a synthetic measure.

	 ( ) 1 0 .t tV q t  = + + 	 (18)

The σ-convergence occurs in a group of economies when “the dispersion of” their tech-
nological levels “tends to decrease over time” (Sala-i-Martin, 1996, p. 1020). Any measure of 
variability can measure dispersion. The study uses the classic coefficient of variation (16), 
which is time-dependent. A negative, statistically significant parameter α1 in the Equation (18) 
indicates the occurrence of σ-convergence in terms of technological level among EU countries 
(Kusideł, 2013, p. 63).

In the context of σ-convergence, a change in the slope of the dispersion trend corre-
sponds to a change in the pace of convergence rather than its reversal, which can be formally 
modelled using a trend-dummy interaction (Perron, 1989). In Equation (19), the coefficient α2 
captures a change in the slope of the dispersion trend between subperiods. In this specifica-
tion, the interaction term captures a shift in the slope of the dispersion trend during the crisis 
period; hence, the post-crisis slope equals α1 + α2.
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Stage 4. The assessment of σ-technological convergence through the perspective of tech-
nological level indicators.

While σ-convergence captures the evolution of cross-country dispersion in technologi-
cal levels over time, β-convergence is examined as a complementary perspective, assessing 
whether countries with lower initial technological levels tend to grow faster and thereby con-
tribute to the observed changes in dispersion (Young et al., 2008, p. 1086).

Stage 5. The assessment of β-technological convergence based on a synthetic measure.
The β-technological convergence occurs when countries with a relatively lower technologi-

cal level exhibit a faster average annual rate of improvement compared to countries with a rela-
tively higher level of technological development. To verify this, a simple regression Equation (22)  
is applied, in which the negative and statistically significant parameter α1 indicates the occur-
rence of β-technological convergence between the countries studied (Matkowski et al., 2016, 
p. 869).
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The rate of β-convergence can be determined using Equation (23), applying the transforma-
tion proposed by Barro and Sala-i-Martin (1992, p. 230), bearing in mind that in Equation (24)  
the explanatory variable is of an annual average nature. The number of years necessary to 
reduce the differences in the studied variable by half can be determined using the half-life 
coefficient (Barro & Sala-i-Martin, 2004, p. 58), i.e., HL (17).
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In theory, the results obtained using both methods of measuring convergence should 
be consistent. However, there may be situations in which less technologically developed 
economies demonstrate a higher rate of technology level growth, while the technological 
gap between economies may widen (Próchniak, 2006, p. 75). In these cases, “the process of 
‘catching up’ turns into a process of ‘overtaking’ richer areas by initially poorer ones” (Kusideł, 
2014, p. 109).

Stage 6. The assessment of β-technological convergence through the perspective of tech-
nological level indicators.

3.3. The selection of diagnostic variables determining  
the technological level of EU-27 economies

The technological level of the EU-27 economies will be determined through the perspective 
of its heterogeneous elements, which are both embodied and disembodied. “Technological 
capabilities are embodied in capital goods, equipment, infrastructures, and in disembodied forms 
such as human skills and scientific and technical expertise” (Archibugi & Coco, 2005, p. 177). 
In addition, the assessment of the technological level will take into account the combination 
of tangible, intangible, and human capital in the form of measures reflecting the degree of 
global production efficiency (Archibugi et al., 2009, p. 930), i.e., productivity (Porter et al., 
2001, p. 487). Measures related to the intensity of intellectual property patenting are often 
used to assess the technological capabilities of an economy (Ivanova et al., 2017; Khayyat & 
Lee, 2015; Park, 2017). In this study, this dimension is excluded for two main reasons:

	■ patents do not fit into the adopted definition of technological level; they are the result 
of the technological capacity of the economy, not its determinant;

	■ not every patent is associated with a new, revolutionary technological solution; it may, 
but does not necessarily, serve to improve the technological level of the economy (Reeb 
& Zhao, 2020).

Table 1 contains diagnostic variables that are selected to measure the technological level 
of the EU-27 economies. Firstly, the technological level of an economy is determined by in-
vestment flows aimed at replacing and improving both physical and intangible capital stock. 
Gross fixed capital formation per employee (TECH1) is a classical measure of physical capital 
intensity, commonly used as a proxy for the degree of capital deepening in an economy.  

Table 1. Selected indicators of the technological level of the economy (TECH) (source: authors’ own work)

Symbol Diagnostic variable Source of data

TECH1 Gross fixed capital formation (EUR per employee, constant prices 2020) Eurostat, ILOSTAT
TECH2 Gross domestic expenditure on R&D (EUR per inhabitant, constant 

prices 2020)
Eurostat

TECH3 R&D personnel (% of population in the labor force) Eurostat
TECH4 ICT specialists employed (% of total employment) Eurostat
TECH5 Labor productivity (USD per hour worked, constant prices 2021) ILOSTAT
TECH6 Resource productivity (EUR per kilogram, constant prices 2020) Eurostat
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It reflects the extent to which labor is equipped with modern capital goods and the adoption 
and use of more advanced production technologies (Navarro Zapata et al., 2024; Sheng, 2025). 
Gross domestic expenditure on R&D per capita (TECH2) captures investment in intangible 
capital, which constitutes a core component of the technological capabilities of an economy 
(Blanco et al., 2020; Grafström & Alm, 2025; Raghupathi & Raghupathi, 2017). 

Secondly, the technological level of an economy depends on the availability of a skilled, 
knowledge-intensive labor force that enables the effective use, operation, and upgrading of 
existing technologies. In this context, the share of R&D personnel in the labor force (TECH3) 
captures the human component of technological capabilities, reflecting the availability of 
specialized labor that underpins the technological change in the economy (Tutak & Brodny, 
2024; Halaskova et al., 2020). ICT specialists employed as a share of total employment (TECH4) 
reflect the availability of ICT-related skills in the workforce, indicating the extent to which 
digital technologies can be effectively utilized within the economy (Horváthová & Mokrišová, 
2024; Hernández de Rojas et al., 2024).

Finally, the technological level is reflected in the efficiency with which economies transform 
inputs into outputs. Labor productivity (TECH5) measures the amount of output generated per 
unit of labor input, whereas resource productivity (TECH6) captures the amount of economic 
output produced per unit of material input. Such productivity measures are commonly em-
ployed in macroeconomic studies to assess the technological advancement of an economy 
(Eder et al., 2024; Mushafiq & Prusak, 2023; Tsiapa, 2023).

The selected diagnostic variables fulfill the necessary criteria, both substantive and statisti-
cal. All of them are stimulants, so an increase in the value of each of them contributes to an 
improvement in the technological level of the economy.

For the research, the proposition has been transformed into an empirical hypothesis, which 
is as follows: the pace of σ- and β-convergence in the EU-27 economies slowed down due 
to crises caused by supply-side shocks that began in 2020. According to the hypothesis, it 
is expected that allowing for a change in the slope of the dispersion trend will reveal a slow-
down in the pace of σ-convergence during the crisis period, reflected in a weaker reduction 
of technological disparities among EU-27 economies compared to the pre-crisis years. From 
a complementary perspective, β-convergence is examined to assess whether countries with 
lower initial technological levels continued to grow faster than more advanced economies. In 
this case, the hypothesis implies that the estimated β-parameters will indicate a slowdown in 
the pace of technological catching-up during the crisis period relative to the period excluding 
the years 2021–2023.

4. Research results

4.1. Technology level differences among EU-27  
economies from 2007 to 2023

The rankings of the EU-27 economies by technological level (TECH) in 2007, 2019, and 2023 are 
presented in Figure 1. Substantive considerations dictated the choice of these years – the 
presentation covered two non-crisis years (2007 and 2019) as well as the year in which the 
most recent statistical data was available (2023). In 2007, the highest technological level 
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(TECH) was reported in Luxembourg, while the lowest was in Bulgaria. In 2019, Luxembourg 
remained the leader in the ranking, and Bulgaria was at the bottom. In 2023, Ireland achieved 
the highest value of the synthetic variable of technological level (TECH), while Bulgaria again 
achieved the lowest.

Based on the range of the synthetic measure of the technological level, conclusions can be 
drawn regarding the technological gap between the economies studied. The difference be-
tween the leaders and the economies at the bottom of the rankings has been decreasing year 
by year. This indicates a gradual reduction in the differences between the EU-27 economies in 
terms of technological level. However, it should be noted that this is due to the increasingly 
lower maximum values achieved by the leaders in the rankings. The consistency between the 
technological level rankings in 2007–2023 was relatively high, i.e., the Spearman’s ρ between 
pairs of rankings was on average higher than 0.85. Although changes in the values of synthetic 
variables for individual countries have been observed over the years, on average, the ranking 
has not changed significantly.

Figure 2 presents a typological division of EU-27 economies in terms of technological level 
in 2007, 2019, and 2023. In 2007, the group of economies with a relatively low technological 
level comprised Poland, Romania, and Bulgaria. Economies with a relatively moderate techno-
logical level in that year consisted of Spain, Slovenia, Czechia, Malta, Greece, Portugal, Estonia, 
Hungary, Slovakia, Croatia, Latvia, Cyprus, and Lithuania. Seven EU-27 economies exhibited a 
relatively high technological level: Germany, Belgium, Austria, France, the Netherlands, Ireland, 
and Italy. Luxembourg, Sweden, Finland, and Denmark were classified as economies with a 
relatively very high technological level in 2007.

In 2019, three EU-27 economies – Cyprus, Romania, and Bulgaria – were classified as hav-
ing a relatively low level of technological development. The most numerous groups consisted 
of countries with a relatively moderate technological level, including: Slovenia, Spain, Czechia, 

Figure 1. Rankings of EU-27 economies in terms of technological level (TECH) in 2007, 2029, and 2023
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Portugal, Greece, Malta, Estonia, Croatia, Lithuania, Slovakia, Hungary, Poland, and Latvia. 
In 2019, the group with a relatively high technological level consisted of Austria, Germany, 
Sweden, Finland, France, and Italy. Economies with a relatively very high technological level 
included: Luxembourg, Ireland, Belgium, Denmark, and the Netherlands.

In 2023, the group of EU-27 economies with a relatively low technological level consists of 
Romania and Bulgaria. Fourteen economies were characterized by a relatively moderate tech-
nological level: Spain, Slovenia, Malta, Czechia, Estonia, Portugal, Croatia, Lithuania, Slovakia, 
Cyprus, Greece and Hungary. The third group included: Finland, Austria, Germany, France, and 
Italy. Economies with a relatively very high technological level included: Ireland, Luxembourg, 
the Netherlands, Sweden, Denmark, and Belgium.

2007 2019 2023

Figure 2. Classes of EU-27 economies by technological level (TECH) in 2007, 2019, and 2023

In summary, during the analyzed period, the relatively highest technological level among 
the EU-27 was observed in the Scandinavian economies (especially Sweden), the Benelux re-
gion (in particular Luxembourg), and Ireland. On the other hand, the economies of Central and 
Eastern Europe, as well as Greece, and Cyprus, achieved lower technological levels compared 
to the other EU-27 economies.

Table 2 contains selected descriptive statistics for the synthetic variable of the techno-
logical level of the EU-27 economies in 2007–2023. Particularly noteworthy is the decreasing 
range of values of the technological level measure among the EU-27 economies over the 
years. The downward trend in the difference between the maximum and minimum values of 
the TECH measure is due to the gradual deterioration in the technological level of the leaders 
in the rankings in individual years. On average, year on year, the leader in the rankings was 
the economy that achieved a lower TECH value compared to the leaders from the previous 
year. Based on the value of the Sokołowski coefficient, it can be assumed that the synthetic 
variable has a reasonably good ability to discriminate between the economies of the EU-27 
into typological groups.

a relatively low technological level of the economy
a relatively moderate technological level of the economy
a relatively high technological level of the economy
a relatively very high technological level of the economy
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Table 2. Selected indicators of the technological level of the economy (TECH) (source: authors’ own work)

min max R med m s Vs [%] G

2007 0.043 (BG) 0.808 (LU) 0.765 0.165 0.249 0.174 69.997 0.460
2008 0.040 (BG) 0.604 (LU) 0.564 0.144 0.191 0.125 65.247 0.444
2009 0.049 (BG) 0.634 (LU) 0.585 0.152 0.220 0.141 63.965 0.481
2010 0.045 (BG) 0.557 (LU) 0.512 0.179 0.208 0.126 60.709 0.389
2011 0.053 (BG) 0.644 (LU) 0.592 0.188 0.240 0.143 59.393 0.373
2012 0.037 (BG) 0.576 (LU) 0.540 0.167 0.210 0.131 62.480 0.400
2013 0.049 (BG) 0.597 (LU) 0.549 0.154 0.212 0.131 61.885 0.441
2014 0.056 (BG) 0.595 (LU) 0.539 0.156 0.209 0.128 61.102 0.462
2015 0.048 (BG) 0.525 (LU) 0.477 0.176 0.207 0.124 59.894 0.388
2016 0.054 (BG) 0.545 (LU) 0.490 0.175 0.215 0.127 58.858 0.429
2017 0.054 (BG) 0.596 (LU) 0.542 0.213 0.246 0.141 57.197 0.392
2018 0.087 (BG) 0.588 (LU) 0.501 0.194 0.240 0.121 50.451 0.459
2019 0.082 (BG) 0.540 (LU) 0.459 0.188 0.232 0.114 49.132 0.428
2020 0.076 (BG) 0.581 (LU) 0.504 0.224 0.265 0.135 50.791 0.351
2021 0.017 (BG) 0.505 (LU) 0.488 0.154 0.204 0.139 67.983 0.415
2022 0.020 (BG) 0.566 (LU) 0.546 0.177 0.221 0.148 67.167 0.352
2023 0.023 (BG) 0.510 (IE) 0.487 0.156 0.209 0.142 67.581 0.294

Due to the use of a panel, common pattern, and anti-pattern, it is also possible to compare 
changes in the values of synthetic variables over time (Figure 3). In the first subperiod (2007–
2019), several Western and Northern European economies experienced declines in the value 
of the synthetic technological indicator compared to their 2007 levels, while positive changes 
were more frequently observed among Central, Eastern, and Southern European countries. 
In contrast, during the second subperiod (2019–2023), negative changes in the technological 
level measure became more widespread, and the dispersion of outcomes across countries in-
creased. This suggests a less uniform evolution of technological levels during the crisis period, 
with stronger declines observed in a number of economies. The comparison of changes over 
the entire period (2007–2023) illustrates the cumulative effect of these dynamics, reflecting 
both the pre-crisis convergence tendencies and the heterogeneous, often adverse develop-
ments observed after 2019.

The robustness analysis in Table  3 reveals a high degree of consistency between the 
baseline TOPSIS (L1) ranking and alternative aggregation methods. The comparison between 
the baseline TOPSIS (L1) measure and the Chebyshev-distance variant reveals a high degree 
of rank concordance across all analyzed years, with Spearman’s ρ ranging from 0.811 to 
0.918 and a median value of 0.900 over the 2007–2023 period. At the same time, the median 
absolute rank differences remain small (between one and three positions), indicating that 
while the overall ranking structure is preserved, the reduced compensability embedded in the 
Chebyshev metric leads to limited local reordering of countries. In contrast, the PCA-based 
ranking exhibits almost perfect alignment with the baseline TOPSIS results across all examined 
years. Spearman’s rank correlation coefficients remain very high, and median absolute rank 
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differences do not exceed one position. This outcome points to a strongly unidimensional 
structure of the technological indicators, with the first two principal components capturing 
a dominant common factor underlying technological development. Consequently, the main 
patterns of technological differentiation across EU-27 economies are invariant to the choice 
between distance-based and statistical aggregation methods.

4.2. The technological convergence of  
the EU-27 countries between 2007 and 2023

The analysis of technological convergence begins with an examination of σ-convergence, 
defined as a systematic decline in cross-country dispersion of technological levels over time. 
To this end, a trend model of the classical coefficient of variation of the technological level 
(TECH) synthetic variable was estimated for the period 2007–2023. The results are presented 
in Figure 4. The estimation of the baseline trend specification over the entire period does 
not indicate a statistically significant downward trend in the dispersion of technological levels 
across EU-27 economies. This suggests that assuming a constant pace of σ-convergence over 
the whole period may be overly restrictive. However, when the analysis is restricted to the 
pre-crisis subperiod (2007–2020), a clear and statistically significant (p < 1%) downward trend 
in the coefficient of variation is observed, indicating the presence of σ-convergence prior 

Figure 3. Changes in the values of the TECH variable between 2007 and 2023 in the EU-27 countries

Table 3. Robustness of the TECH measure: comparison across aggregation methods  
(source: authors’ own work)

Comparison Measure 2007 2019 2023
2007–2023

min max med

TOPSIS (L1) vs. TOPSIS (Chebyshev) Spearman’s ρ 0.887 0.918 0.811 0.811 0.953 0.900
MRD 3 1 2 1 3 2

TOPSIS (L1) vs. PCAa Spearman’s ρ 0.979 0.987 0.984 0.974 0.995 0.987
MRD 1 1 1 0 1 1

Note: a two main components that explain 86.49% of the variability of the phenomenon under study.
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to the onset of major global disruptions. The contrast between these two trends estimates 
points to a change in dispersion dynamics in the post-2020 period, motivating a more flexible 
specification that allows for a shift in the pace of σ-convergence.

Consistent with those results, visual inspection of the dispersion dynamics suggests a 
potential change in the pace of σ-convergence around the end of the 2010s, marked by a 
noticeable flattening of the downward trend after 2020. This observation motivates the use 
of an extended specification allowing for a change in the slope of the dispersion trend.
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The results of the extended trend specification confirm the presence of σ-convergence 
in the pre-crisis period. Between 2007 and 2020, on average, the value of the classic coef-
ficient of variation decreased by approximately 1.285 percentage points annually (p < 1%), 
ceteris paribus, indicating a systematic reduction in dispersion of technological level among 
EU-27 economies. The interaction term between the time trend and the post-2020 dummy 
variable is positive and statistically significant (p  <  1%), pointing to a change in the pace 
of σ-convergence after 2020. Considering that the post-crisis slope equals the sum of the 
estimated coefficients, the average annual rate of change in the coefficient of variation in 
the post-2020 period amounts to approximately 0.09 percentage points, implying that the 
process of σ-convergence slowed down after 2020.

The results presented in Table 4 reveal a heterogeneous pattern of σ-convergence across 
individual technological level indicators. Prior to 2020, most indicators exhibited negative 
and statistically significant trends, confirming the presence of σ-convergence, although the 
strength of this process varied considerably across dimensions. Following 2020, the interaction 
terms are predominantly positive, indicating a slowdown in the pace of convergence. For sev-
eral indicators, the implied post-2020 slopes are close to zero, suggesting that the reduction in 
dispersion of technology level effectively stalled. At the same time, a limited number of indica-
tors display either no convergence throughout the period or a distinct adjustment pattern after 
2020, highlighting the asymmetric impact of recent shocks across technological dimensions.

Figure 4. The σ-convergence of EU-27 economies in 2007–2023 in terms of the synthetic  
variable TECH – values of the TECH’s coefficient of variation
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Table 4. The σ-convergence of EU-27 economies in 2007–2023 in terms of the TECH indicators – 
values of the TECH’s indicators coefficients of variation (source: authors’ own work)

Dependent variable τa τ ×  POST 2020a τ + (τ × POST 2020) R2

Vs of TECH1 1.707 *** ‒1.502 *** 0.204 69.15%
Vs of TECH2 ‒1.271 *** 0.029 * ‒1.242 93.18%
Vs of TECH3 ‒1.131 *** 0.152 *** ‒0.979 96.42%
Vs of TECH4 0.001 ‒0.151 0.000 26.36%
Vs of TECH5 ‒0.916 *** 0.283 ** ‒0.633 82.44%
Vs of TECH6 ‒0.243 ** 0.189 ** ‒0.054 29.45%

Note: a *** is the significance at the p < 1%; ** is the significance at the p < 5%; * is the significance at 
the p < 10%.

The results of the β-convergence analysis for the synthetic variable TECH (Table  5) are 
consistent with the σ-convergence findings. In the pre-crisis period (2007–2020), a statisti-
cally significant (p  <  1%) negative relationship between the initial technological level and 
subsequent growth is observed, indicating the presence of β-convergence with an estimated 
speed of adjustment of approximately 2.16% per year. This implies that the time required 
to halve the technological gap between EU-27 economies exceeded 30 years (HL = 32.105). 
When the crisis years are included (2007–2023), the convergence relationship disappears, sug-
gesting that the catching-up process was disrupted. Focusing exclusively on the crisis period 
(2020–2023), the estimated slope becomes positive and statistically significant (p < 1%), point-
ing to β-divergence, whereby technologically more advanced economies experienced faster 
improvements than less advanced ones. In general, the results suggest that recent supply 
shocks significantly weakened the technological catching-up process within the EU-27.

Table 5. β-convergence of EU-27 economies in 2007–2023 in terms of the TECH variable (source: 
authors’ own work)

Period of time Slopea β HL R2

2007–2020 ‒0.021 *** 2.16% 32.105 65.17%
2007–2023 0.001 ‒ ‒ 0.44%
2020–2023 0.034 *** ‒ ‒ 76.41%

Note: a *** is the significance at the p < 1%.

The results of the β-convergence analysis for individual technological level indicators, re-
ported in Table  6, reveal a heterogeneous pattern across dimensions and periods. In the 
pre-crisis years (2007–2020), β-convergence is observed for most indicators, indicating that 
countries with lower initial levels in specific technological dimensions tended to grow faster. 
When the crisis years are included (2007–2023), the convergence relationship weakens and 
becomes less uniform. Focusing on the crisis period alone (2020–2023), the β-convergence 
mechanism largely disappears, with only isolated indicators displaying statistically significant 
catching-up. This evidence suggests that recent shocks disrupted the standard technological 
diffusion process, with convergence becoming highly dimension-specific and, in some cases, 
temporarily stalled.
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Table 6. β-convergence of EU-27 economies in 2007–2023 in terms of the TECH indicators  
(source: authors’ own work)

Indicator Period of time Slopea β HL R2

TECH1 2007–2020 0.003 ‒ ‒ 0.79%
2007–2023 ‒0.006 ‒ ‒ 6.81%
2020–2023 ‒0.014 *** 1.38% 50.343 46.72%

TECH2 2007–2020 ‒0.016 *** 1.58% 43.751 55.63%
2007–2023 ‒0.015 *** 1.46% 47.445 56.97%
2020–2023 ‒0.003 ‒ ‒ 7.47%

TECH3 2007–2020 ‒0.017 *** 1.73% 40.020 28.88%
2007–2023 ‒0.012 ** 1.22% 56.672 19.20%
2020–2023 0.004 ‒ ‒ 7.70%

TECH4 2007–2020 ‒0.022 * 2.24% 30.922 15.43%
2007–2023 ‒0.031 *** 3.13% 22.121 28.66%
2020–2023 ‒0.011 ‒ ‒ 10.36%

TECH5 2007–2020 ‒0.013 *** 1.34% 51.725 30.03%
2007–2023 ‒0.014 *** 1.44% 48.224 39.19%
2020–2023 ‒0.005 ** 0.47% 147.74 22.11%

TECH6 2007–2020 ‒0.002 ‒ ‒ 0.56%
2007–2023 ‒0.001 ‒ ‒ 0.10%
2020–2023 0.001 ‒ ‒ 0.62%

Note: a *** is the significance at the p < 1%; ** is the significance at the p < 5%; * is the significance at 
the p < 10%.

5. Discussion

The empirical analysis indicates that the processes of both σ- and β-technological conver-
gence occur among EU-27 economies, but their pace weakened after 2020. Similar results are 
achieved by Grafström and Alm (2025), whose research reveals that the process of techno-
logical convergence in the EU-27 countries is underway, albeit at a slow pace. Therefore, the 
time required to close the gap in this area is considerable. The occurrence of technological 
convergence in EU economies is also confirmed by the research of other authors, including 
Borović et al. (2024), Kijek and Matras-Bolibok (2020), and Žižmond and Novak (2007).

During the period 2007–2020, the σ-technological convergence was observed, with the co-
efficient of variation of the technological level decreasing at an average rate of approximately 
1.29 percentage points per year, ceteris paribus. After 2020, the reduction in cross-country 
dispersion weakened, indicating a slowdown in the process of σ-convergence. These find-
ings are further supported by the β-convergence analysis. Between 2007 and 2020, the rate 
of β-technological convergence was approximately 2.16% per year, which is consistent with 
typical results reported in studies on economic convergence (Abreu et al., 2005; Witkowski & 
Próchniak, 2014). An analysis restricted to the 2020–2023 period reveals β-divergence, with 
faster technological advancement observed among leading economies. Overall, the results 
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suggest that recent supply shocks have undermined the technological convergence process 
within the EU-27.

The reasons for the slowdown in technological convergence may be found in global mac-
roeconomic supply shocks, which affected the EU-27 economies to a greater or lesser extent. 
Research by Izsak and Radošević (2017) revealed that the 2008 financial crisis contributed to 
a noticeable slowdown in the convergence process in terms of technological advancement, 
especially in the area of R&D, in EU countries. Archibugi and Filippetti (2011) come to a similar 
conclusion, and their research covered not only the analysis of technological convergence but 
also the results of innovation activities.

According to the research, the global financial crisis did not cause as severe a slowdown in 
the process of technological convergence as the supply shocks that began in 2020. The reason 
for this probably lies in the different nature of both crises. Unlike the 2008 financial crisis, 
which was primarily related to the financial sector (Bengtsson, 2013; Cetorelli & Goldberg, 
2011), the pandemic and geopolitical crisis (exacerbated by the war in Ukraine) are character-
ized by a much broader scope and multi-channel impact on the real, monetary, and regulatory 
spheres of economies around the world (Chen & Yeh, 2021).

The scale of disruption caused by the pandemic and the geopolitical crisis forced govern-
ments to implement numerous institutional anti-crisis solutions, many of which had not previ-
ously been used on such a large scale. The consequences of these actions included restrictions 
on (Abrhám & Vošta, 2022; Belitski et al., 2022; Gonçalves & Moro, 2023; Rose et al., 2023; 
Sunge et al., 2024; Tong, 2024):

	■ economic activity, the sphere of entrepreneurship, which is mainly responsible for in-
ducing technological progress;

	■ migration;
	■ the intensity of trade, which has resulted in the breakdown of supply and value chains, 
as well as problems with the availability and prices of goods and services, especially 
energy. 

In addition, both the public and private sectors have changed the structure and scale 
of their expenditure (costs). A large part of spending has been redirected or generated to 
address the direct and indirect negative effects of the pandemic (Mitsi, 2023). What is more, 
in times of political instability, countries spend more on security-related issues. This situation 
has contributed to a vast reduction in funding for other areas, including capital formation and 
R&D activities (Protasiewicz, 2021, p. 487), but also to the creation of long-term debts. Studies 
can be found in the literature indicating that the current crises have also been a stimulus 
for positive technological changes, especially in terms of ICT development (Dosi et al., 2021,  
pp. 2978–2979). However, it seems that their net impact on the process of technological con-
vergence is still negative.

The study was limited by the low availability of data reflecting the technological level of 
the economy. In particular, this limitation concerns indicators capturing digital infrastructure 
and digital capital, such as ICT capital stock, broadband penetration, and advanced digital 
connectivity, as well as emerging measures related to the adoption of artificial intelligence 
technologies in production processes. Many recently proposed indicators related to digital 
technologies and artificial intelligence are still affected by substantial data gaps, limited 
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cross-country comparability, and evolving methodological standards, which currently restrict 
their consistent use in long-term, cross-country empirical analyses (Organisation for Economic 
Co-operation and Development, 2019, pp. 20, 29). Although the period covered, 2007–2023, 
can be considered methodologically sufficient in the context of the analysis, its use may have 
affected the comprehensiveness and accuracy of the empirical results obtained.

Furthermore, the study is macroeconomic, so when comparing economies, “the fact that 
large parts of countries could be lagging behind, while most of the economic prosperity is con-
centrated and developed in specific economic areas geographically” (Grafström & Alm, 2025, 
p. 748) is being omitted. By relying on national-level generalizations, the analysis may conceal 
substantial regional heterogeneity within countries, particularly in terms of technological 
levels. Consequently, convergence observed at the country level should be interpreted as 
convergence between national technological systems and does not preclude the coexistence 
of persistent or even widening technological disparities at the sub-national level. A regional-
level analysis based on NUTS2 data could therefore provide a more detailed picture of tech-
nological dynamics within countries; however, such an extension lies beyond the scope of the 
present study and rather represents a matter for future research.

6. Conclusions

Based on the empirical analysis, it can be concluded that there was a coexistence of σ- and 
β-technological convergence among the EU-27 economies in the years 2007–2023. Although 
these economies are becoming similar in terms of technological advancement, the pace 
of convergence in this area is slow and has been slowing down over the years analyzed 
(especially over the last few years, from 2020).

It should be emphasized, however, that the observed σ-convergence over the period 
2007–2020  does not necessarily reflect a uniform and strong catching-up process among 
technologically lagging economies. The reduction in dispersion appears to have been driven 
by a combination of moderate improvements among less advanced countries, as indicated 
by the β-convergence results, and a gradual relative slowdown in technological performance 
among leading economies, as suggested by the dynamic analysis of the TECH indicator over 
time. After 2020, the relative importance of the latter mechanism appears to increase, while 
the catching-up process weakens or even temporarily reverses. This shift sets the context for 
the recent developments in technological convergence within the EU-27. 

The article provides a method for measuring the technological level of the EU-27 econo-
mies and proposes a modified approach to assessing technological convergence between 
these countries. Based on empirical research and literature review, the assumption and re-
search hypothesis can be considered positively verified. Between 2007 and 2023, the EU-27 
countries underwent a process of technological convergence. However, its pace weakened 
significantly after 2020, coinciding with major supply shocks, including the COVID-19 pan-
demic and the escalation of geopolitical tensions related to the war in Ukraine. These findings 
suggest that recent crises have disrupted the technological catching-up process and highlight 
the importance of policies aimed at strengthening technological capabilities, particularly in 
economies with relatively lower technological levels.
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The robustness of the obtained results has been additionally verified by applying alterna-
tive approaches to the construction of the synthetic technological indicator. In particular, the 
ranking of EU-27 economies based on the baseline TOPSIS method was compared with results 
derived from a Principal Component Analysis (PCA) and an alternative distance-based speci-
fication. The high consistency of rankings and convergence patterns across these approaches 
indicates that the main findings, particularly the slowdown of technological convergence after 
2020, are not driven by a specific methodological choice. This strengthens the reliability of the 
empirical results and supports the validity of the conclusions drawn from the analysis.

Technological convergence within the EU is slowing, especially in countries with lower 
economic development. The deceleration of technical progress in these nations poses a chal-
lenge for their economic policies. Adapting to changes in expenditure structure, driven by 
evolving social needs, is becoming increasingly difficult. Supporting innovative activities and 
maintaining the pre-pandemic pace of technical progress are now more challenging. This 
situation requires a search for alternative approaches to innovation policy at both national 
and EU levels.

This article serves as a point of departure for an in-depth consideration of the process 
of economic convergence among the EU-27 countries. Subsequent studies will focus on the 
analysis of other dimensions of convergence that extend beyond the technological aspect, 
also from a regional perspective (an analysis that considers heterogeneity within economies). 
In particular, a diagnosis of institutional convergence, which is one of the key dimensions of 
economic convergence, is planned.
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