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The results show that countries investing in 
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on the statistical analysis, among other 
things, the authors identify the Human De-
velopment Index and the use of informa-
tion and communication technology at the 
company level as the two most significant 
factors that impact on SMEs’ performance.
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1. INTRODUCTION 

According to the OECD, small and medium enterprises (SMEs), as the 
predominant form of business and employment, are the key actors in building 
more inclusive and sustainable growth, increasing economic resilience, and 
improving social cohesion (OECD, 2019a). In fact, across the OECD member 
states, SMEs account for about 60% of employment and between 50% and 60% of 
added value and are the main drivers of productivity growth in many regions and 
cities (OECD, 2019a). In European Union member states, SMEs represent more 
than 99% of all businesses (EC 2019). The same can be said of the Western Balkan 
countries (OECD, 2019b). 

Business development agencies (BDAs) have a crucial role in the development of 
SMEs in Europe. As stated by Audet and St-Jean (2007), public authorities 
throughout the world, recognizing both the importance and vulnerability of 
SMEs, have, over the years, created BDAs and set up numerous venture 
development support and assistance measures. Despite all these efforts, SME 
owner-managers do not seem to make maximum use of the services available. In 
many European regions, companies do not make use of all the advantages of 
public support services. Some companies find them to be useless, and others do 
not have information about the public support services available. According to 
OECD et al. (2019a), in Western Balkan countries only a small percentage of 
companies are satisfied with the services provided by the public BDAs.  

Roig-Tierno et al. (2015) examine the relationship between the growth of BDAs 
and their use to innovative entrepreneurs. The study considers three types of 
support infrastructure: incubators, technology centres, and universities. 
Employing crisp-set qualitative comparative analysis, the study tests the existence 
of such a relationship using empirical data from a sample (n=107) of young 
innovative companies. The results show that combining the use of incubators, 
technology centres, and universities can positively affect the growth of young 
innovative companies. Based on similar research, at the beginning of the new 
millennium, Western Balkan governments supported the establishment of 
various BDAs. Following this experience of Western Balkan economies shows 
that investment in the business infrastructure that encourages SME development 
is not a cost but a path to economic prosperity (Ćudić & Milovanović, 2011).  
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Based on the needs of SMEs today, authors focus more on ‘soft’ support 
infrastructure, which includes human capital development, intellectual property, 
knowledge, ICT facilities, university–industry collaboration, professional and 
organisational networks, and supporting research and development (R&D), 
among other things (Diebolt & Hippe, 2016; Dragoiu, 2016; Pantea, 2019). Thus, 
in the research part of this paper, the authors generate a composite variable called 
‘soft support infrastructure’ (SSI), which includes the most frequent indicators 
mentioned within this term in the literature.  

In addition, unlike large companies, SMEs simply do not have the human, 
financial, or technical resources to carry out extensive in-house R&D, but they 
can access these resources from outside sources. Various organisations provide 
support to SMEs, with the aim of supporting their growth and development, and 
these organisations’ work differs across Europe (Miörner et al. 2019). The 
differences in approach to supporting SMEs also lead to SMEs achieving different 
results. This motivated the authors of this paper to explore what are the main 
factors that impact SMEs’ performance in European countries. Thus, this 
research aims to answer the following question: Which type of soft support is the 
most important for SMEs to achieve the best performance?  

2. LITERATURE REVIEW  

In the context of company development, the term ‘soft’ support is used for various 
purposes. This section of the research aims to identify the most recent and 
relevant articles that examine this topic, which focuses predominantly on human 
development. Many other indicators also supplement the term ‘soft’ support 
infrastructure. 

In a recently published study, Gudz et al. (2021) determine that many European 
SMEs enjoy state support through their taxation systems, which necessitates the 
determination of a fair tax burden and appropriate fair tax bases. They highlight 
the role of SMEs in ensuring technological progress, eliminating regional 
imbalances in economic development, achieving socio-political stability in 
society, and strengthening national security. They suggest classifying SMEs as 
independent or dependent to guide SME sector activities to ensure both social 
stability and compliance with obligations to manage public finance at all levels. 
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Researchers share the opinion that highly developed human resources and 
innovation-driven companies are major pillars of the high-performing 
economies (Laužikas & Dailydaitė, 2015; Sá & Pinho, 2019). The recent debate on 
European development policies is articulated around two major fields of research 
that are highly integrated with each other. One of these is the level of investment 
in research, innovation, and the innovative capacity of the European regions. 
Another is the degree of competitiveness of European production and regional 
systems (Sabatino & Talamo, 2017). 

Innovation is often seen as being carried out by highly educated labour in R&D-
intensive companies with strong ties to leading centres of excellence in the 
scientific and scholarly world. In a broader perspective, innovation is the attempt 
to try out new or improved product processes, or ways to do things – an aspect of 
most, if not all, economic activities (Fagerberg et al. 2009). The European SMEs 
have recognized the importance of innovation for their development and the 
creation of added value, which can result in higher company profits and higher 
salaries (OECD,2019b).  

Čučković & Vučković (2021) use the Community Innovation Survey (CIS) 2014 
and eCORDA data to analyse whether SME participation in EU research and 
innovation (R&I) funding programmes has increased their innovation activities 
and business performance. The paper focuses particularly on new EU member 
countries, including those from Central and Eastern Europe (CEE). The obtained 
results indicate that EU R&I funding is beneficial to the innovation activities of 
SME recipients, and to their overall business performance. It also assists new EU 
member states that are in the process of ‘catching up’ to the growth levels of more 
established EU economies. 

Empirical analyses uncover the importance of the traditional linear model of local 
R&D innovation and the local socioeconomic conditions necessary for the 
genesis and assimilation of innovation and its transformation into economic 
growth across European regions (Rodríguez-Pose & Crescenzi, 2006). Cinnirella 
& Streb (2017) merge individual data on valuable patents granted in Prussia in 
the late 19th century with county-level data on literacy, craftsmanship, secondary 
schooling, and income tax revenues to explore the complex relationship between 
various types of human capital, innovation, and income. Their findings support 
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the notion that the accumulation of primary human capital is crucial for the 
transition to modern economic growth. Latterly, as stated two decades ago, 
“Determining the actual, as opposed to the possible, impact of the new technology 
on literacy could be one of the most interesting research challenges in this field” 
(Hannon, 2000).  

Human resources have a vital role in economic development. Superior staff 
training, coupled with providing a general state of good health that in turn 
ensures a long and productive life, find expression in the development of society 
and translate into licenses, patents, know-how, and prestigious brands – in other 
words, progress (Vlad et al. 2012). In their research, Nuvolari & Vasta (2015) 
perform an econometric exercise in which they assess the connection between 
different forms of human capital and patent intensity. They establish a robust 
correlation between literacy and “basic” patent intensity. The effect of human 
capital on growth involves multiple channels. On the one hand, an increase in 
human capital directly affects economic growth by enhancing labour 
productivity. On the other hand, human capital is an essential input into R&D 
and therefore increases labour productivity indirectly by accelerating 
technological change. Different types of human capital, such as primary and 
higher education and in-work training, can play different roles in both 
production and innovation activities.  

Intellectual property rights have an exceptional role in the use of knowledge 
obtained through R&D for business purposes. Mok et al. (2010) design guidelines 
for intellectual property education from the perspective of university researchers 
and employees and private and public institution researchers. This study shows 
the relative importance of the attributes related to intellectual property education 
and the vital conditions of that education. Furthermore, the cooperation between 
universities and companies is vital for the successful use of intellectual property 
rights (see Kneller et al. 2014). Previous studies have found that universities are 
more likely to collaborate with industry if they are mature and large 
(Cunningham and Link 2014). Thus, there is a need for governmental 
intervention that will enhance university/SME collaboration. Nugent et al. (2019) 
prove that awarding university–industry-targeted grants rather than non-
targeted grants coincides with increased patent activity. Skorupinska (2017) 
evaluates the relationships between ICT, organisational practices, 
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internationalisation, innovation, and human capital in a sample of Polish 
companies and finds ICT innovation to be the main determinant of labour 
productivity.  

Hence, various factors generate company development. Based on a review of the 
literature that examines SSI, the authors of this study identified, among other 
things, human capital development and ICT use at the company level as the most 
relevant elements for increasing SMEs’ performance. 

3. DATA SET AND RESEARCH METHOD 

3.1. Data Set  

As stated in the introduction to this research, innovative SMEs are a major pillar 
of Europe’s economic competitiveness. For the purposes of this paper, a 
company’s innovative activities are represented by the number of their patent 
applications filed under the World Intellectual Property Organisation’s (WIPO) 
Patent Cooperation Treaty (PCT). To complement national data, the metric 
provides the number of international PCT applications by residents of a given 
country. It serves to capture innovative worldwide activity, with an emphasis on 
inventions in medium- or lower-income economies and inventions that may have 
a strong international appeal (WIPO et al. 2019). 

As explained, human capital plays a crucial role in every company (Ilczuk, 2017). 
Numerous studies deal with the relationship between the Human Development 
Index (HDI) and companies’ innovation activities (Yelkikalan & Aydın, 2015). 
The United Nations Development Program’s HDI is a standard international 
development measure (Cahill, 2002). HDI is a statistical composite index of life 
expectancy, education, and per capita income indicators, which are used to rank 
countries into four tiers of human development. 

In previous studies, the authors of this paper found a strong correlation between 
functional literacy and company performance (see Ćudić, 2021). As a reference 
for functional literacy among the observed countries, we used the OECD’s 
Program for International Student Assessment (PISA) test results as one of the 
most accepted approaches to measure and compare functional literacy and 
education systems globally. PISA measures 15-year-olds’ ability to use their 
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reading, mathematics, and science knowledge and skills to meet real-life 
challenges. 

Research collaboration between universities and industry is measured by the 
Global Innovation Index for the period 2010–2018, provided by Cornell 
University, the Institut Européen d’Administration des Affaires (INSEAD), and 
WIPO. The document states that linkages and public/private academic 
partnerships are essential to innovation, and draws on both qualitative and 
quantitative data to measure them, including business–university collaboration 
on R&D. Based on WIPO reports (2010–2018), the authors add average gross 
domestic spending on R&D as the indicator that significantly influences SME 
development.  

The use of ICT in SMEs is associated with the adoption of digital technologies, 
the degree of digitalisation of business practices, and the adoption of new (digital) 
business models. The available evidence suggests that small and micro enterprises 
that are not active in ICT-intensive sectors especially lag in the adoption of digital 
technologies, business practices, and business models (Saam et al. 2016).  

Thus, based on the literature review, we identified six main factors that impact 
SMEs’ business performance: innovation activities, human capital, functional 
literacy, university–industry collaboration, gross domestic spending on R&D, 
and ICT use. A higher level of these factors’ development results in a significantly 
higher level of performance by the SMEs. When discussing SMEs achievement, 
the main criterion for measuring their performance is value added (Horobets, 
2019). In the literature there are two main additional indicators: the number of 
SMEs per 1,000 inhabitants and the number of employees in the SMEs (Kassem 
& Trenz, 2020; Rusu & Roman, 2017). This research adds one more indicator that 
presents the countries’ overall economic situation: GDP per capita. Based on 
statistical analysis, we assess the impact of soft support infrastructure on the 
performance of European SMEs. 

3.2. Research Method 

This research uses structural equation modelling (SEM). SEM includes many 
statistical methodologies to estimate a network of causal relationships, defined 
according to a theoretical model and linking two or more latent complex 
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concepts, each measured through a number of observable indicators. The basic 
idea is that complexity inside a system can be studied by taking into account a 
causality network among latent concepts, called latent variables, each measured 
by several observed indicators, usually defined as manifest variables. Thus, 
structural equation models represent a “joint-point” between path analysis and 
confirmatory factor analysis (Esposito Vinzi et al. 2010). Among the methods of 
estimating SEM models, the covariance-based (CB) method1 of Jöreskog enjoyed 
the greatest popularity for a long time. So universal was its recognition that in 
social sciences the phrases ‘structural equation modelling’ (SEM) and 
‘covariance-based structural equation modelling’ (CB-SEM) were synonymous 
for many years (Chin et al. 1996). Meanwhile, Wold developed an alternative 
approach, the partial least squares method (PLS), whose application for 
estimating models with latent variables he described and presented in various 
works (Wold 1979, 1980b, and 1980a). Because the PLS method was an alternative 
to Jöreskog’s ‘hard’ modelling based on strong assumptions regarding 
distributions’ normality and requiring large samples, Wold referred to his PLS 
approach as ‘soft’ modelling (1980b, 1982).2 After a time, the term ‘PLS-path 
modelling’3 came into use, and then, to emphasize that PLS was an alternative to 
CB, it began to be referred to as ‘PLS structural equation modelling’ (PLS-SEM). 

PLS-SEM and CB-SEM were developed as entirely distinct, although 
complementary, methods with specific purposes and requirements. This was 
clearly stressed by the authors of both approaches at the beginning of the 1980s 
(Jöreskog and Wold 1982). Today PLS-SEM and CB-SEM’s varying properties 
are well known, with emphasis on the complementarity of the two methods rather 
than the competition between them. The advantages of the non-parametric, 

                                                 
1  In the CB-SEM method, a theoretical covariance matrix is estimated on the basis of a structural 

equations model. The estimation of model parameters is performed in such a way as to 
minimize the difference between the theoretical covariance matrix and the estimated 
covariance matrix.  

2  Herman Ole Andreas Wold (1908–1992) was a Norwegian-born econometrician and 
statistician who had a long career in Sweden. Wold was known for his work in mathematical 
economics, in time series analysis, and in econometric statistics. Wold contributed to the 
methods of partial least squares (PLS) and graphical models. 

3  Among other things, to distinguish models containing latent variables estimated utilising the 
PLS method from PLS-based regression. Even now, in many publications, authors confuse the 
work of H. Wold and that of S. Wold.  
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variance-based PLS-SEM modelling are at the same time the disadvantages of the 
parametric, covariance-based CB-SEM, and vice versa. Therefore, the choice of 
method should depend on the empirical context and research purpose (Hair et al. 
2019)4. 

The SEM model consists of two sub-models, a structural one and a measurement 
one. In PLS-SEM terminology, the terms ‘inner model’ and ‘outer model’, 
respectively, are also used. A structural model describes the relationships between 
latent variables, whereas a measurement model describes the relationships 
between the latent variables and the indicators by which they are identified, also 
known as manifested variables (Wold, 1980a). 

When constructing a structural model, particular attention must be paid to two 
aspects: the nature of the analysed latent variables and the associations that occur 
between them. It is important to distinguish between exogenous and endogenous 
variables. Furthermore, all the formulated elements of the conceptual framework 
should be derived from theory and logic. If a theoretical basis is lacking or the 
theory is inconsistent, one should rely on one’s own judgment, experience, and 
intuition (Hair et al. 2017). 

Specification of the measurement model is an equally important stage of the 
modelling process. Verification of the hypotheses reflected in the structural 
model’s equations can be reliable when, and only when, the latent variables are 
correctly defined by means of indicators. The choice of indicators is as crucial as 

                                                 
4  In recent literature, some question if the choice of PLS-SEM methodology leads to the 

identification of biased correlations, especially related to manifest variables (Dijkstra & 
Henseler, 2015). PLS-SEM and CB-SEM assume different ways of how the data represent 
measurement models that the researcher specifies in a reflective or formative way. CB-SEM 
assumes the data follow a common factor model in which the indicator covariances define the 
nature of the data, whereas PLS adheres to a composite model approach in which data are 
defined by means of linear combinations of indicators. Thus, while the measurement models 
may follow a reflective (or formative) specification, the underlying data model may be 
composite-based (or common factor-based). Numerous studies have explored PLS's 
performance in terms of parameter accuracy when data are assumed to follow a common factor 
model approach. Overall, these studies suggest that the bias that PLS produces when estimating 
common factor models is comparably small, provided that the measurement models meet 
minimum recommended standards in terms of the number of indicators and indicator 
loadings (see Sarstedt et al. 2016). 
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the choice of the way in which they are defined (Hair et al. 2017). Definition of 
latent variables by means of indicators can be done either deductively or 
inductively (Rogowski 1990). Under the former approach, indicators reflect the 
defined latent variable and are then referred to as ‘reflective indicators’, while the 
measurement model is called a ‘reflective measurement model’. In the case of 
inductive definition, it is assumed that indicators make up the latent variables; 
hence the expressions ‘formative indicators’ and ‘formative measurement model’. 
The type of definition (inductive or deductive) should follow from the assumed 
theoretical description (Rogowski 1990). Moreover, the choice of observable 
indicators should be preceded by an in-depth and thorough literature review, 
including the theory and empirical studies in measuring the latent variables 
present in the model. 

Apart from examining the relationship between latent variables, PLS-SEM 
modelling also helps estimate these variables’ values (weighted sums of 
indicators). Therefore, for each of the latent variables in the model a synthetic 
measure is calculated, which can be used to obtain a linear ordering of the 
analysed objects.  

Estimation of a PLS-SEM model is performed using the PLS method. The 
algorithm simultaneously estimates inner model parameters – path coefficients – 
and outer model parameters, outer weights, and outer loadings. The procedure 
also yields estimations of the values of all the latent variables included in the 
model. The estimation aims to maximise the explained variance of the latent 
dependent variables. The first stage involves the iterative estimation of 
measurement model weights and the values of latent variables. In the second stage 
the loadings and path coefficients of the structural model are estimated. A 
detailed description of the PLS algorithm can be found in, e.g., Henseler et al. 
(2012) and Wold (1982), and its generalisation in Rogowski (1990). Verification 
of a PLS-SEM model is a two-stage process. First, the structural model is assessed. 
Second, if the validity of the structural model is confirmed, the structural model 
is tested. Table 1 lists the properties of the model that should be evaluated. 
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Table 1: Evaluation of PLS-SEM models 

Evaluation of the measurement models 
Reflective measurement models Formative measurement models 

Internal consistency 

Cronbach’s 
alpha 

0.60–0.95 Convergent 
validity Redundancy 

analysis 
≥ 0.7 
correlation Composite 

reliability 
0.60–0.95 

Convergent validity 

Loadings ≥ 0.7 Collinearity 
between 
indicators 

Variance 
inflation 
factor (VIF) 

≥ 0.5 
The average 
variance 
extracted 
(AVE) 

≥ 0.5 

Discriminant 
validity 

Cross-loadings Significance 
of outer 
weights 

p-value < 0.05 

Fornell–Larcker criterion 
Heterotrait–
monotrait 
(HTMT) 
ratio  

< 0.9 

Evaluation of the structural models 

Collinearity Variance inflation factor 
(VIF) 

≥ 0.5 

Predictive power Coefficients of 
determinations (R2) 

Values of 0.75, 0.50, and 
0.25 are considered 
substantial, moderate and 
weak 

Predictive relevance Stone–Geisser’s Q2 value ≥ 0 
Significance of path 
coefficients p-value < 0.05 

Source: Authors’ work based on Hair et al. (2017). 

SEM using the PLS procedure used to be difficult due to the unavailability of 
software. Now the situation has greatly improved thanks to the wide range of 
user-friendly programmes that enable estimation and statistical verification of 
PLS-SEM models; e.g., WarpPLS (Kock 2020), ADANCO (Henseler & Dijkstra, 
2015), SmartPLS (Ringle et al. 2015). This study uses the SmartPLS software. 
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4. SPECIFICATION OF THE MODEL 

The model used for the realisation of the research objective, i.e., proving the 
influence of soft support infrastructure on SME performance, contains the 
following equation: 

SPIt = α1SSIt + α0 + νt  (1) 

where: 

SPIt – SME performance in year t,  

SSIt – soft support infrastructure in year t,  

α0, α1 – structural parameters of the model,  

νt – random component, 

t – the year 2015 or 2018.5 

The model uses the deductive approach to defining latent variables, i.e., each 
latent variable as a theoretical notion is a starting point in the search for empirical 
data. The choice of indicators was made on the basis of substantive and statistical 
criteria. From the statistical perspective, the following things were taken into 
account: diversity of indicator values, measured by the coefficient of variation6 
(critical value of the coefficient was established at 10%); and the quality of the 
estimated model (model evaluation measures – ex post analysis). The indicators 
that passed substantive and statistical verification are presented in Table 2. 

  

                                                 
5  The Program for International Student Assessment (PISA) results are one of the significant 

indicators in the model. The PISA test was conducted across OECD countries in 2015 and 
2018, which is why the authors chose these two years to examine changes in variables. 

6  This is calculated as the ratio of the standard deviation to the arithmetic mean, expressed in 
percentage.  
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Table 2: Indicators of latent variables SSIt and SPIt qualified for the model 

Symbol of 
indicator  

Description of indicator Data source 

SSI1 Number of PCT patents by origin WIPO, 2015 and 2018 
SSI2 Human Development Index UNDP, 2015 and 2018 

SSI3 
Program for International Student 
Assessment OECD, 2015 and 2018 

SSI4 University–industry collaboration WIPO, 2015 and 2018 
SSI5 Gross domestic spending on R&D World Bank 
SSI6 ICT use ITU, 2015 and 2018 
SPI1 The added value created by SMEs Eurostat, national statistics 
SPI2 Number of SMEs per 1000 inhabitants Eurostat, national statistics 
SPI3 Number of employees in SMEs Eurostat, national statistics 
SPI4 GDP per capita World Bank, 2015 and 2018 
Notes: SSIt – soft support infrastructure in year t; SPIt – SME performance in year t. 
Source: Authors. 

Indicators of the SSI latent variable point to the most frequent and significant soft 
support infrastructure for SMEs. Meanwhile, the SPI measures reflect the 
performance of SMEs. A diagram of the model, considering both the internal and 
external relationships, is presented in Figure 1. 

Figure 1: Internal and external relationships of the model 

 
Source: Authors’ work. 
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5. ESTIMATION RESULTS AND STATISTICAL VERIFICATION OF THE MODEL 

Figures 2 and 3 show the PLS-SEM estimation results obtained in the SmartPLS 
software (Ringle et al. 2015). The numbers on the arrows pointing from latent 
variables to indicators are outer loadings, while the number on the arrow between 
latent variables is the path coefficient. The results of the modelling are interpreted 
in section 5. 

Figure 2: Results of estimation of PLS-SEM2015 model 

 
Source: SmartPLS. 

Figure 3: Results of estimation of PLS-SEM2018 model 

 
Source: SmartPLS. 

Table 3 summarizes the results of the reflective measurement model assessment. 
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Table 3: Assessing the results of reflective measurement models 

Latent 
Variable 

Indicators 

Convergent Validity Internal Consistency 
Reliability 

Loadings 
Indicator 
Reliability 

The average 
variance extracted 
(AVE) 

Composite 
Reliability 

Cronbach’s 
Alpha 

>0.7 >0.5 >0.5 0.6–0.95 0.6–0.95 
2015 2018 2015 2018 2015 2018 2015 2018 2015 2018 

SSI 

SSI1 0.825 0.842 0.681 0.709 

0.767 0.776 0.952 0.954 0.939 0.942 

SSI2 0.934 0.948 0.872 0.899 
SSI3 0.834 0.829 0.696 0.687 
SSI4 0.841 0.906 0.707 0.821 
SSI5 0.888 0.857 0.789 0.734 
SSI6 0.926 0.897 0.857 0.805 

SPI 

SPI1 0.933 0.937 0.870 0.878 

0.673 0.656 0.888 0.879 0.837 0.824 
SPI2 0.551 0.514 0.304 0.264 
SPI3 0.804 0.780 0.646 0.608 
SPI4 0.934 0.935 0.872 0.874 

Source: Authors’ work. 

The size of the outer loadings is also commonly called ‘indicator reliability’. The 
common rule of thumb is that outer loadings should be 0.7 or higher. Indicators 
with very low outer loadings (below 0.4) should be eliminated from the model. 
Indicators with outer loadings between 0.4 and 0.7 should be considered for 
removal only when deleting the indicator increases the composite reliability (Hair 
et al. 2017). It can be seen that one of the indicators (SPI2) has an outer loading 
below 0.7. However, removing this indicator from the model was not considered 
due to its substantive importance. The average variance extracted (AVE) values 
are more significant than the acceptable threshold of 0.5, confirming convergent 
validity. Cronbach’s alpha and composite reliability are shown to be larger than 
0.6, demonstrating high levels of internal consistency reliability among the 
indicators of each latent variable. 

Finally, the discriminant validity was assessed on the basis of the Fornell–Larcker 
(1981) criterion. According to this criterion, the AVE’s square root of each latent 
variable should be higher than the variable’s highest correlation with any latent 
variable in the model. Table 4 shows the Fornell–Larcker criterion assessment 
results, with the square root of the reflective latent variables’ AVE on the diagonal 
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and the correlations between the latent variables in the off-diagonal. The result 
indicates that discriminant validity is well established. 

Table 4: Fornell–Larcker criterion 

Latent Variable 
2015 2018 

SSI SPI SSI SPI 
SSI 0.876 0.780 0.881 0.772 
SPI  0.820  0.810 

Source: Authors’ work. 

Tables 5 and 6 contain the results of the structural model assessment. Assuming 
a 5% significance level, the relationships of both structural models are significant 
(p-values equal to 0.000). The value of the coefficient of determination R2 justifies 
the conclusion that, to a moderate extent, the exogenous variable SSI determines 
the variability of the endogenous variable SPI. The Q2 values of the Stone–Geisser 
test, which verifies the soft model in terms of its predictive relevance (see Table 
5), are considerably above zero, which proves the model’s high prognostic quality.  

Table 5: Assessing the results of structural models 

 Path Coefficients Standard Deviation T Statistics P-Values R2 
 2015 2018 2015 2018 2015 2018 2015 2018 2015 2018 
SSI → SPI 0.780 0.772 0.067 0.069 11.693 11.170 0.000 0.000 0.601 0.597 
Source: Authors’ work. 

Table 6: Stone-Geisser test Q2 values  

Indicator 2015 2018 
SPI1 0.636 0.630 
SPI4 0.573 0.042 
SPI3 0.249 0.210 
SPI2 0.063 0.565 
General 0.380 0.362 

Source: Authors’ work. 

Both the measurement models and the structural models were positively assessed. 
Therefore, in the next modelling stage the results can be interpreted. 
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6. INTERPRETATION OF MODELLING RESULTS: 2015 

Figures 4 and 5 present the ordering of the indicators of each of the latent 
variables in terms of outer loadings, i.e., in terms of the strength of the 
relationship between the values of the latent variable and the values of the 
indicators. The following interpretation of the πij outer loading is assumed: 

• |πij | < 0.2 no correlation; 
• 0.2 ≤ |πij | < 0.4 weak correlation; 
• 0.4 ≤ |πij | < 0.7 moderate correlation; 
• 0.7 ≤ |πij | < 0.9 strong correlation; 
• |πij| ≥ 0.9 very strong correlation. 

Figure 4: Outer loadings of SSI2015 latent variable 

 
Source: Authors’ work. 

Figure 5: Outer loadings of SPI2015 latent variable 

 
Source: Authors’ work. 

All indicators reveal at least a strong correlation with the SSI latent variable. On 
the other hand, the SPI2015 latent variable is very strongly reflected by two 
indicators: GDP per capita (SPI4) and Added value created by SMEs (SPI1), 
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strongly reflected by one indicator, Number of employees in SMEs (SPI3), and 
moderately correlated with one indicator, Number of SMEs per 1000 inhabitants 
(SPI2).  

The estimation of the structural model parameters indicates a positive, significant 
correlation between soft support infrastructure and the level of SME performance 
in the studied group of 33 European countries in 2015 (see Eq. 2). This means 
that those countries that reported more intensive soft support infrastructure also 
had better SME performance in that year. 

SPI2015 = 0.780 * SSI2015 - 3.79657  (2) 

In the EU-28 countries, many businesses treat SSI as a vital source for increasing 
SME performance. However, Balkan countries still use SSI inadequately. There is 
a strong or very strong correlation between indicators and latent variables. By 
analysing the results, it is clear that human capital and ICT use play an essential 
role in SME development. We have identified many variables that influence ICT 
use on a company level through the literature review. However, we selected ICT 
use, functional literacy, and gross domestic spending on R&D as vital. Moreover, 
in our previous research we found a direct relationship between ICT use and ICT 
access, functional literacy, and gross domestic spending on R&D. Thus, to 
increase their performance, companies from all sectors have to implement the 
opportunities that ICTs provide. Digitalisation drives the emergence of new 
business models that may allow SMEs to scale up very quickly, often with just a 
few employees, few tangible assets, and little geographical market presence. We 
compiled two rankings of the studied countries based on estimated values of the 
variables SSI2015 and SPI2015: rankings of SME soft support infrastructure and SME 
performance. The results are shown in Table 7. 

  

                                                 
7  Parameter α0 was estimated in the PLS programme (Rogowski 1993). 
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Table 7: Rankings of selected European countries in terms of SME soft support 
infrastructure and SME performance in 2015 

Country SSI2015 SMP2015 
Albania  33 31 
Austria 9 5 
Belgium 8 9 
Bosnia and Herzegovina 31 33 
Bulgaria 27 24 
Croatia 24 26 
Cyprus 25 22 
Czech Republic 14 10 
Denmark 3 6 
Estonia 12 16 
Finland 1 11 
France 11 21 
Germany 5 8 
Greece 26 32 
Hungary 21 23 
Ireland 10 2 
Italy 17 12 
Latvia 22 20 
Lithuania 18 17 
Luxemburg 6 1 
Malta 16 7 
Montenegro 30 27 
Netherlands 4 4 
North Macedonia 32 30 
Poland 20 25 
Portugal 19 13 
Romania 28 28 
Serbia 29 29 
Slovakia 23 18 
Slovenia 13 15 
Spain 15 19 
Sweden 2 3 
United Kingdom 7 14 

Source: Authors’ work. 
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The countries are also divided into typological groups according to similar 
volumes of SME soft support infrastructure and SME performance. The results 
of the grouping are presented in Figure 6 and Figure 7. The boundaries between 
the groups are based on the arithmetic means and standard deviations of the 
synthetic measure zi (equal to 0 and 1, respectively, for each of the latent 
variables). 

The groups are as follows: 
• Group I (very high level of latent variable): zi ≥ 1; 
• Group II (high level of latent variable): 0 < zi ≤ 1; 
• Group III (medium and low level of latent variable): −1 < zi ≤ 0; 
• Group IV (very low level of latent variable): zi ≤ −1. 

Figure 6: Division of selected European countries into typological groups 
according to SME soft support infrastructure in 2015 

 
Note: SSI2015 – soft support infrastructure in 2015. 
Source: Authors’ work. 

As presented in Figure 6, a very high level of development soft support 
infrastructure was observed in 2015 in the following seven countries: Finland, 
Sweden, Denmark, the Netherlands, Germany, Luxemburg, and the United 
Kingdom. The group of countries with a high level of soft support infrastructure 
comprised nine countries: Belgium, Austria, Ireland, France, Estonia, Slovenia, 
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the Czech Republic, Spain, and Malta. Ten countries qualified for the group of 
economies with medium and low levels of soft support infrastructure: Italy, 
Lithuania, Portugal, Poland, Hungary, Latvia, Slovakia, Croatia, Cyprus, and 
Greece. Seven countries were characterised by very low levels of soft support 
infrastructure: Bulgaria, Romania, Serbia, Montenegro, Bosnia and Herzegovina, 
North Macedonia, and Albania. 

According to soft support infrastructure, the ranking of countries demonstrates 
the predominance of North and Western European economies and ‘catch-up’ 
economies from Central Europe. The lower ranks comprise South-Eastern 
European and Balkan economies. However, when the benefits of SSI are 
considered in the form of higher SME performance, the classification looks a little 
different. As presented in Figure 7, the top ranks are occupied by relatively small 
economies based on highly developed human capital, focusing on functional 
literacy, innovation, ICT use, and the R&D sector (Luxemburg, Ireland, and 
Sweden). The group of the countries with a high level of SME performance 
comprises 15 countries: the Netherlands, Austria, Denmark, Malta, Germany, 
Belgium, the Czech Republic, Finland, Italy, Portugal, the United Kingdom, 
Slovenia, Estonia, Lithuania, and Slovakia. 

Figure 7: Division of selected European countries into typological groups 
according to SME performance in 2015 

 
Note: SPI2015 – SME performance indicator in 2015. 
Source: Authors’ work. 
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Nine countries comprised the group of economies with medium and low levels 
of SME performance: Latvia, Spain, France, Cyprus, Hungary, Bulgaria, Poland, 
Croatia, and Montenegro. Countries with weak indicators of human capital, 
functional literacy, and ICT use, and a small percentage of spending on R&D 
sectors rank at the bottom (Romania, Serbia, North Macedonia, Albania, Greece, 
Bosnia and Herzegovina). 

It is clear that knowledge and innovation are closely concentrated in a few 
European regions (EPO 2010–2019). Therefore, it is important to pursue analyses 
that promote a better understanding of the internal structure of the innovation 
processes taking place in European regions. Such knowledge can help, for 
example, regional authorities develop better strategies, focusing on areas 
requiring technical and financial support (Szopik-Depczyńska et al. 2018).  

7. INTERPRETATION OF MODELLING RESULTS: 2018 

Figures 8 and 9 present the strength of reflecting the latent variable by their 
indicators. All the indicators of SSI2018 reveal at least a strong correlation with the 
latent variable. Conversely, the latent variable SPI2018 is strongly reflected by three 
indicators: Added value created by SMEs (SPI1); Number of employees in SMEs 
(SPI3); and GDP per capita (SPI4), while the indicator Number of SMEs per 1000 
inhabitants (SPI2) is moderately correlated with the variable.  

Figure 8: Outer loadings of SSI2018 latent variable 

 
Source: Authors’ work. 
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Figure 9: Outer loadings of SPI2018 latent variable 

 
Source: Authors’ work. 

There are no significant changes in the strength of reflecting the latent variable 
by their indicators in 2018 compared to 2015. The estimation results reveal a 
weakening of the impact of SSI3, SSI5, and SSI6 on the latent variable SSIt. In the 
model constructed for data from 2015 this impact was more substantial, whereas 
here it is a little weaker. The differences between the two sets of modelling results 
are also visible in the strength of the influence of the SSI1, SSI2, and SSI4 
indicators. 

On the other hand, the latent variable SPI2018 is strongly reflected by three 
indicators: Added value created by SMEs (SPI1); Number of employees in SMEs 
(SPI3); and GDP per capita (SPI4). The indicator ‘Number of SMEs per 1000 
inhabitants’ (SPI2) is moderately correlated with the variable. There are no 
significant changes in 2018 in comparison to 2015. 

The estimation of the path coefficient (see Eq. 3) indicates a positive and significant 
correlation between soft support infrastructure and the SME performance level in 
European countries in 2018. This means that countries that recorded a more 
developed soft support infrastructure in 2018 also had better SME performance in 
that year. The strength of the correlation is a little lower than in 2015. SSI turns out 
to be a key factor of SSI growth throughout the studied group.  

SPI2015 = 0.772*SSI2015 - 4.20928  (3) 

Table 8 presents the analysed countries ranked according to their volume of soft 
support infrastructure as well as the performance of their SMEs in 2018. Figures 
10 and 11 show the results of the European countries’ grouping. 

                                                 
8  Parameter α0 was estimated in the PLS programme (Rogowski 1993). 
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Table 8: Rankings of selected European countries in terms of SME soft support 
infrastructure and SME performance in 2018 

Country SSI2018 Change9 SMP2018 Change 
Albania  31 ↑ 31 - 
Austria 8 ↑ 5 - 
Belgium 9 ↓ 9 - 
Bosnia and Herzegovina 33 ↓ 33 - 
Bulgaria 27 - 24 - 
Croatia 26 ↓ 26 - 
Cyprus 21 ↑ 22 - 
Czech Republic 14 - 10 - 
Denmark 3 - 6 - 
Estonia 12 - 13 ↑ 
Finland 2 ↓ 12 ↓ 
France 11 - 20 ↑ 
Germany 5 - 8 - 
Greece 25 ↑ 32 - 
Hungary 23 ↓ 23 - 
Ireland 10 - 2 - 
Italy 17 - 16 ↓ 
Latvia 22 - 18 ↑ 
Lithuania 20 ↓ 14 ↑ 
Luxemburg 6 - 1 - 
Malta 16 - 7 - 
Montenegro 30 - 27 - 
Netherlands 4 - 4 - 
North Macedonia 32 - 30 - 
Poland 19 ↑ 25 - 
Portugal 18 ↑ 11 ↑ 
Romania 29 ↓ 28 - 
Serbia 28 ↑ 29 - 
Slovakia 24 ↓ 21 ↓ 
Slovenia 13 - 15 - 
Spain 15 - 19 - 
Sweden 1 ↑ 3 - 
United Kingdom 7 - 17 ↓ 

Source: Authors’ work. 

                                                 
9  Position change in 2018 compared to 2015. 
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When comparing the above rankings with those obtained based on 2015 data, one 
notices small changes in the countries’ ordering in terms of soft support 
infrastructure and relatively small changes in SME performance (see columns 3 
and 5 in Table 8). Figure 10 presents details of the division of selected European 
countries into typological groups according to SME soft support infrastructure in 
2018. 

Figure 10: Division of selected European countries into typological groups 
according to SME soft support infrastructure in 2018 

 
Note: SSI2018 – soft support infrastructure in 2018. 
Source: Authors’ work. 

As in 2015, a very high level of development of soft support infrastructure was 
observed in 2018 in the following six countries: Sweden, Finland, Denmark, the 
Netherlands, Germany, and Luxemburg. The group of countries with a high level 
of soft support infrastructure comprised nine countries: the United Kingdom, 
Austria, Belgium, Ireland, France, Estonia, Slovenia, the Czech Republic, and 
Spain. Twelve countries qualified for the group of economies with medium and 
low levels of soft support infrastructure: Malta, Italy, Portugal, Lithuania, Poland, 
Cyprus, Latvia, Hungary, Slovakia, Greece, Croatia, and Bulgaria. Six Balkan 
countries were characterised by very low levels of soft support infrastructure: 
Serbia, Romania, Montenegro, Albania, North Macedonia, and Bosnia and 
Herzegovina. 
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The authors analysed the progress of SSI among the European countries in three 
observed years. The only country that changed its rank by four positions was 
Cyprus (25th in 2015, 21st in 2018), while Albania progressed by two places (33rd 
in 2015, 31st in 2018). Six countries moved up by one position: Austria, Greece, 
Poland, Portugal, Serbia, and Sweden. The majority of countries (17) did not 
change their position: Bulgaria, the Czech Republic, Denmark, Germany, Estonia, 
France, Ireland, Italy, Latvia, Luxemburg, Malta, Montenegro, the Netherlands, 
North Macedonia, Slovenia, Spain, and the United Kingdom. Relatively small 
changes in position prove that it takes a significant effort to change any element 
of the soft support infrastructure in the short run. Meanwhile, four countries fell 
by one rank (Belgium, Finland, Romania and Slovakia), and Bosnia and 
Herzegovina, Croatia, Hungary, and Lithuania fell by two ranks.  

However, when one considers the benefits of SSI in the form of higher SME 
performance, the classification looks a little different. The division of the selected 
European countries into typological groups according to SME performance in 
2018 is presented in Figure 11. 

Figure 11: Division of selected European countries into typological groups 
according to SME performance in 2018 

 
Note: SPI2018 – SME performance indicator in 2018. 
Source: Authors’ work. 
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As presented in the SPI indicator analysis in 2015, the top ranks are occupied by 
two small economies based on highly developed human capital, with a focus on 
functional literacy, innovation, ICT use, and the R&D sector (Luxemburg and 
Ireland). The group of countries with a high level of soft support infrastructure 
comprised 16 countries: Sweden, the Netherlands, Austria, Denmark, Malta, 
Germany, Belgium, the Czech Republic, Portugal, Finland, Estonia, Lithuania, 
Slovenia, Italy, the United Kingdom, and Latvia. Nine countries qualified for the 
group of economies with medium and low levels of soft support infrastructure: 
Spain, France, Slovakia, Cyprus, Hungary, Bulgaria, Poland, Croatia, and 
Montenegro. Countries with weak indicators of human capital, functional 
literacy, and ICT use and a small percentage of spending on R&D sectors 
(Romania, Serbia, North Macedonia, Albania, Greece, and Bosnia and 
Herzegovina) rank at the bottom. 

In addition, the rankings of nine of the countries changed in terms of SME 
performance. Two EU member-state countries progressed by three positions: 
Estonia (16th in 2015, 13th in 2018) and Lithuania (17th in 2015, 14th in 2018). 
Two countries progressed by two positions: Portugal and Latvia. France 
progressed by one place. Finland fell by one rank, and the United Kingdom and 
Slovakia by two. Italy fell by three ranks, from 12th in 2015 to 16th position in 
2018. 

8. CONCLUSIONS  

This paper presents the results of an empirical study on the relationship between 
soft support infrastructure and SME performance in selected European countries. 
The research involved developing a PLS-SEM model, measurement of the latent 
variables based on sets of observable variables, and estimation and verification of 
the PLS-SME model. The outcomes of the modelling reveal a positive significant 
influence of soft support infrastructure on SME performance in the analysed 
European countries. 

Based on the literature review, we identified six main factors that impact SME 
performance: innovation activities, human capital, functional literacy, 
university–industry collaboration, gross domestic spending on R&D, and ICT 
use. A higher level of development of these factors results in improved SME 
performance. The most critical indicators in the SME results were the added value 
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created by SMEs, the number of SMEs per 1000 inhabitants, the relative number 
of employees in SMEs, and GDP per capita. All the indicators of soft support 
infrastructure (SSI) reveal a strong correlation with the following latent variables: 
Number of PCT patents by origin (SSI1), Human Development Index (SSI2), 
Program for International Student Assessment (SSI3), University–industry 
collaboration (SSI4), Gross domestic spending on R&D (SSI5), and ICT use 
(SSI6). On the other hand, the latent variable SMEs’ performance (SPI) is strongly 
reflected by three indicators: Added value created by SMEs (SPI1), Number of 
employees in SMEs (SPI3), and GDP per capita (SPI4). The indicator Number of 
SMEs per 1000 inhabitants (SPI2) is moderately correlated with the variable. 

Soft support infrastructure is weakest in the Balkan countries (Albania, Bosnia 
and Herzegovina, North Macedonia, Montenegro, and Serbia), as well as the 
three EU member states that are geographically part of the Balkans (Bulgaria, 
Romania, and Greece). Moreover, SMEs from the Balkan countries had the 
weakest performance in both observed years. To improve the region’s economic 
situation, the Balkan countries should revise their education systems and invest 
more money in the functional literacy and business skills of employees in all 
business sectors. Based on both public and private initiatives, this investment will 
have a long-term positive impact on company productivity and profit. In the 
short run they should follow successful examples from the EU member states and 
launch specialised programmes to improve workforce skills and increase ICT 
literacy. We suggest Austria and Slovenia as the best models for Balkan countries, 
as they have been the best models for the Balkan economies in many fields 
throughout history. In the future, BDAs have to be more focused on the SMEs’ 
real needs if they want to justify their role in society. Moreover, in line with global 
movements, they have to predict the needs of SMEs. 

This research provides new knowledge on how soft support infrastructure 
accelerates SME performance in Europe. To the best of the authors’ knowledge, 
it is the first study to investigate links between ICT use at the company level, 
human development, R&D, and functional literacy, and SMEs’ performance 
indicators, using the PLS-SEM method. Based on the described indicators, we 
improved a model of SME development driven by investment in soft support 
infrastructure. 
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