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Abstract. Globalization has accelerated the growth of innovation in many countries outside the European
Union. In order to remain competitive, companies and individual EU economies therefore support the
development of innovations through investments in research and development.
This contribution is focused on the specification of value added in terms of investments in research and
development in the construction and manufacturing sectors. Using statistics of the European Commission
for the period 2013 – 2017, a dataset of 269,892 companies in the EU28 countries was generated.
The purpose of this contribution is to determine to what extent investment in research and development
participates in the creation of value added. A research question was formulated to determine the ideal ratio
between value added and investment.
Methods: To achieve the objectives set, regression analysis of neural networks was applied using Statistica
software.
The results of the research indicate that the optimal values in the construction sector were achieved by Great
Britain (~EUR 11.3 billion.) and France (~EUR 16.1 billion), and in the manufacturing sector by France
(~EUR 11.42 billion), Italy (~EUR 11.41 billion) and Great Britain (~EUR 10.6 billion).
The authors consider the method of regression analysis and neural networks to be appropriate for examining
the optimal ratio between investment in R&D and value added.
Keywords: value added; investment; research and development

1 Introduction
Investment in research and innovations has been an important part of the EU´s coordinated response to the pandemic
outbreak in 2019/2020, which is necessary for sustaining an inclusive recovery within Europe. These incentives for
research and development are relevant because they increase the resistance of the manufacturing sector, competitiveness
of economies, prepare individual countries for the future, and play a key role in achieving the goals of the European Union
[1]. This contribution deals with the influence of corporate investment in research and development on the value added
of the EU countries.
For the EU countries, innovations are an important component of sustainable international competitiveness. It is for
this reason that the European Commission creates a multi-annual budget and prepares an investment plan to determine
which direction all the member states will go in in terms of investment in research and development. According to the
data obtained from [2], in the period 2008-2017, EU member states fell behind other developed economies, such as the
USA, Japan and South Korea in the area of research and development.
Foreign-owned companies invest twice as much as Czech-owned companies in research and development and other
investments. Czech industry lacks innovation, the development of new technologies, and a focus on research, which limits
the development of production with value added [3].
It is therefore necessary to find out what opportunities are lost or how much value-added economies may lose if they
do not use innovations in industry and do not use all the subsidies intended for development. It is also necessary to
determine the optimal value of investments for the EU28 economies in order to be competitive in the global value chain.
If investment in research and development is so important for creating corporate value added, why is the level of
investment not determined by the real needs of companies and the investments possibilities of individual countries? How
has investment in research and development evolved since the establishment of the EU and how has the COVID-19
pandemic affected the given field?
The objective of the contribution is to find out to what extent investment in research and development participated in
the creation of value added for the EU28 countries in the period 2013-2017. We assume that a strong connection between
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the given items will be confirmed. As a result, special attention will be focused on those industries that create the highest
value added – manufacturing and construction. The following research question was formulated:
What is the ideal ratio between value added and investment?
By answering the question, it will be possible to find out which member states invest inefficiently and therefore have
room for better and more effective use of investment, as well as for achieving overall value added.
One of the most significant effects of globalization has been the increase in global value chains (GVC) [4]. Their
modernization is explicitly connected with the long-term growth of companies and product innovations [5]. Globalization
has accelerated the increase in innovation in many countries outside the European Union (EU). To therefore remain
competitive, companies or individual EU economies support the development of innovations by investing in research and
development (R&D).
The most popular definition of investment in scientific literature was created by [6], who defines investment as a
current sacrifice for future prosperity, and defines the present as a relatively well-known variable, whereas the future is a
mystery. That is why in this case, investment is seen as a certain sacrifice for uncertain profit. [7] defines innovation as
new ideas which are in reality applied in various ways to generate new or additional value.
[8] proposed a complex investment framework – the Innovation Value Chain (IVC). In their work, the innovation
value chain is seen as a gradual three-phase process: gathering knowledge, transformation of knowledge, and its
application [9].
[10] point out that the purpose of innovation is much broader than the simple creation of value for a customer,
competitive advantage for companies, and environment for a better quality of life. In accordance with the authors´ view,
the objective of innovation should be the creation of a better, intelligent future.

The issue of the influence of investment in R&D was addressed by [11], who examined the effectiveness of research
and development using the Malmquist index. The index indicated that 15 out of 28 EU countries evaluated showed an
increase in the effectiveness of research and development between 2010 and 2015, with Italy and Germany showing the
highest increase.
[12] analysed the relationship between investment in research and development and economic growth in 25 EU
countries. Multiple regression analysis was used to confirm the strong impact of investment at the regional level for
distances of more than 200 km. In their research, they highlight the importance of vicinity for the transfer of economically
productive knowledge.
[9] focused on a comparative panel-data analysis of the innovation value chain in Irish and Swiss production
companies. Panel-data analysis was used to examine the influence of innovations on productivity. They concluded that
in both countries, the measures adopted to support the development of skills will have a positive impact on the innovation
and productivity in both countries. However, there were differences in the case of the relationship between innovation
and productivity, as in Ireland, process innovation is more important, while in Switzerland, product innovation is.
[13] investigated how the level of participation in global value chains (GVC) affects corporate innovation activities in
Japanese companies. On the basis of the results, he emphasized the importance of GVC in supporting the innovative
abilities of a company, which enables companies and countries to upgrade within the value chain.
[14] studied the relationship between the participation in (GVC) and innovative performance at country level. Their
findings proved that participation in GVC positively correlates with the level of innovation within a country.
[15] investigated how the combination of approaches related to GVC and innovation systems may enable us to
understand the trajectories of education and innovation in developing countries. They found that in some cases, there is
an improvement in local innovative capacity with potential positive effects on overall competitiveness, while in other
cases, there is only a small improvement or even loss of innovative capacity.
[16] examined the role of intellectual capital in the participation and re-valuation of value in GVC on a sample of
European countries. They found that intangible assets other than R&D play a more important role than research and
development, while the main driver of the participation is training. The evidence presented in the article also shows that
some countries may be trapped in a vicious circle of low investment in activities that create high value added and low
competitiveness in international markets.
[17] examined the relationship between innovation and the participation of companies in GVC on a sample of 90
countries. Their empirical estimation was made using a probit model which enabled them to estimate the participation
probability of innovative enterprises in value chains. Empirical analysis revealed a positive and significant influence of
innovation on companies´ participation in GVC.
[18] used the matching method to test whether the public funding makes Spanish industrial companies invest in
research and development. The research results did not show any effect of public funding on investing in R&D. Public
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funding is more efficient in the case of small companies and in companies operating in industries with a low level of
technology. In their observations, González and Pazó also point to the delayed result in estimating the effect of R&D
funding.
EU member countries, which are among the world´s economically most developed economies, should make
significant profit from investment in research and development [19]. Since the EU is aware of the importance of these
investments in the long term, a strategic plan was accepted in Barcelona in 2002, according to which the investment in
innovations within R&D should achieve 3% of GDP per year until the year 2010, whereby two thirds of the investment
should come from the private sector [20]. Unfortunately, the achievement of the 3% investment target is not feasible for
all member countries because “investment in research and development in the EU declines from the north-west to the
south-east” [21, p. 3]. According to Eurostat [22], at the time of the adoption of this strategic plan, the required level of
investment was achieved only in Finland and Sweden. Other EU member states showed much lower levels of investment
in R&D, e.g. in the Czech Republic, it was 1.1% of GDP. The goal to get close to the required value by 2010 was very
ambitious and other EU countries did not manage to achieve it after overcoming the crisis of 2008. According to the latest
data, for 2018, other member countries have since achieved the goal, e.g. Denmark, Germany, Austria, Slovenia.
Investment in R&D is a driver of innovation. As innovation is synonymous with change, EU economies need significant
changes in their budget policies to gradually strengthen their own value added by means of innovation.
To compare global investment processes among the members of the United Nations (UN), investment in R&D within
the overall context of innovative development is monitored by means of Global Innovation Index (GII). In 2017, a total
of 126 countries were evaluated within GII. The highest GII value was achieved by Switzerland, followed by the
Netherlands, Sweden, Great Britain, Singapore, the USA, and Finland. The Czech Republic occupied the 24th position,
while in 2018, it dropped to 27th position [23].
Every two years since 2002, the Czech Statistical Office has been conducting statistical surveys on the innovative
activities of companies (see Figure 1). Innovative companies in the Czech Republic are mostly foreign controlled
companies, which are mostly large companies operating in industry. At the same time, the share of foreign controlled
companies is high, especially in terms of medium-sized and large companies (50 – 75%).

Figure 1. Share of innovative Czech companies by type of innovation (2014–2016)
Source: [23].

This indicates their importance for the innovative performance of the Czech Republic and the necessity for cooperation
between the public sector and this segment of R&D [23].
For research and development to be a driver of economic growth in the EU, investment in this field should be properly
distributed in order to transform the European economy as a whole [24]. People often point to the delay between economic
activities and their consequences, referred to as time lag, which starts with the investment in research and development
and ends with the actual economic return on investment [25]. From the macroeconomic perspective, EU funds are
considered as an attractive instrument for funding investment opportunities, especially in times of crisis, when private
investment declines [26]. The global crisis caused by the COVID-19 pandemic is growing at an exponential rate, and the
associated growing uncertainty is leading to the loss of investment and escalating fluctuations in international trade [27].
In our opinion, the COVID-19 pandemic has undermined the overall economic ambitions of the world economies, and as
research and development needed financial investment even before the pandemic outbreak, it will be even more difficult
to achieve the goals set after the pandemic ends. The growth of investment can be assumed in sectors such as health,
logistics and digital technologies, which will subsequently be reflected in their increased value added. However, sectors
such as manufacturing, construction and logistics have become less attractive during the pandemic. This is evidenced by
reduced production in large manufacturing companies, the cancellation of many flights due to the reduction of travel
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opportunities, etc. As [24] state, the achievement of national goals is not only a question of financial possibilities, but also
of mutually beneficial research alliances between the public and private sectors. In the history of European investment in
R&D, it has become commonplace that the EU budget includes funds for innovation; however, the number of patents is
not enough to obtain support from the state. This problem is also associated with the lack of experts and researchers who
might put forward and adapt innovations to the actual needs of states and according to EU priorities. [19] argue that
realistic national goals may stimulate patent activities provided that there is a suitable environment and cooperation
between public and private research activities. According to the authors, investment in research and development is of
the highest priority in countries that lie in the north-west of the block (Scandinavia), whilst the priority is declining in
those countries that lie in the south-west of the block (Mediterranean and Balkans). Growth potential is unevenly
distributed among the EU member states; as a global player, the EU must ensure that the potential growth in R&D supports
the economic recovery of the EU as a whole [24].
The theoretical framework shows that the issue of investment in research and development has a positive impact on
the development of the value added chain. Moreover, studies have repeatedly confirmed the relationship between
investment in R&D and economic growth, both at the level of states and regions, as well as companies.
The aforementioned studies included more than two factors that would affect the relationship between innovation and
global value chains, which naturally enabled a more detailed description of this relationship. At the same time, however,
the studies were not focused on determining the optimal value of R&D investment for individual industrial sectors. In our
research, regression analysis is used to focus on two data time series, the use of which will make it possible to determine
the optimal level of investment required to achieve the desired indicator of value added.

2 Methodology
The aim of this contribution is to analyse the investment of individual countries and the generated value added. The
answer to the research question is the ideal ratio between investment and value added. To avoid and eliminate extreme
values it is appropriate to use a regression model. As stated above, information on country-specific investment and the
generated value added will be used for the analysis. For the purposes of this contribution, data based on published statistics
of the European Commission for the period 2013-2017 were used:
1) Data on investment in research and development in the EU28 countries in the manufacturing, construction
and sectors were used from published Eurostat data [1].
2) Data on the value added of individual countries were drawn from the Eurostat-OECD Entrepreneurship
Indicator Programme [1].
The generated dataset included a total of 269,892 companies from across the European Union, of which 74,759
companies from the construction sector and 195,133 companies from the manufacturing sector.
For all the calculations, TIBCO's Statistica software (version 13.0) was used. For the analysis, artificial neural
networks are used to examine the dependence of investment and value added in the construction and manufacturing
sectors of individual EU countries in the period 2013-2017. At the same time, the relationship will be examined through
the application of neural networks. Neural networks provide efficient image recognition, prediction, optimization and
control of processes, and adaptation of linear and nonlinear functions [28].

Figure 2. Neural networks
Source: [29].
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Specifically, these will be multilayer perceptron networks (hereinafter MLP) and neural networks of radial basis
function (hereinafter RBF). The data will be entered from the aforementioned sources, i.e. Eurostat. The Data mining tool
neural networks will be used in the Statistica software, specifically, a section called Regression. First, the data is selected.
The investments of a specific state are the independent variables. We understand the value added to be an dependent
variable. Subsequently, the data is divided into three sets: training, testing and validation. The ratio is 70:15:15. Table 1
provides information on the basic statistics of the input data.
Table 1. Basic statistics of input data
VA Total
construction
616.8
111850.8
19048.2
28397.7
497.7
124704.8
33307.8
41822.9
850.6
109303.8
19466.6
27147.8
497.7
124704.8
21199.3
30397.8

Statistics
Minimum (Train)
Maximum (Train)
Mean (Train)
Standard deviation (Train)
Minimum (Test)
Maximum (Test)
Mean (Test)
Standard deviation (Test)
Minimum (Validation)
Maximum (Validation)
Mean (Validation)
Standard deviation (Validation)
Minimum (Overall)
Maximum (Overall)
Mean (Overall)
Standard deviation (Overall)

Investment
construction
10.55
53359.10
4701.88
10861.67
7.26
58493.50
6977.28
14455.32
16.50
10453.63
2271.15
11656.49
7.26
58493.50
4679.12
10719.18

VA Total
manufacturing
707.0
592027.2
70990.9
110342.4
1883.1
519792.5
58409.4
122510.5
4541.6
569863.5
97360.2
125406.3
707.0
592027.2
72960.6
116861.0

Investment
manufacturing
4.54
58493.50
4327.45
10008.83
23.55
49482.40
4308.50
11770.55
23.05
53359.10
5983.40
11247.96
4.54
58493.50
4561.31
10607.58

Source: Authors.

The input data concerns data on the amount of investment in research and development and value added in the
construction and manufacturing sectors for the period 2013-2017. Subsequently, on the basis of the training dataset,
suitable neural networks are identified that best describe the relationship between the independent and dependent
variables. On the basis of the testing and validation datasets, it is then verified whether the identified neural structures are
adequate and faithfully describe the situation.
10,000 neural structures are generated, of which the top 5 in terms of performance and error are retained. For MLP, a
minimum of 2 and a maximum of 20 neurons in the hidden layer applies. To activate the inner and outer layers of neurons,
the following functions are used:






Identity;
Logistics;
Hyperbolic tangent;
Exponential;
Sine.

In the case of RBF, a minimum of 11 and a maximum of 30 neurons in the hidden layer applies.

3 Results and Discussion
Based on the procedure above, the following statistical calculations were made for the construction and manufacturing
sectors
Construction sector. Table 2 provides an overview of the five most successful neural networks that were retained.

Training
perf.

Test perf.

Validation
perf.

Training
error

Test error

Validation
error

Training
algorithm

Error
function

Hidden
activation

Output
activation

1
2
3
4
5

1-16-1
1-18-1
1-18-1
1-21-1

0.741394
0.853169
0.805408
0.804324

0.698510
0.436614
0.739256
0.599527

0.886277
0.895073
0.902445
0.893076

28507279
15854994
20644240
20956051

50464189
121745126
45729420
67124939

18596061
1167300
6074010
4037686

RBFT
RBFT
RBFT
RBFT

SOS
SOS
SOS
SOS

Gaussian
Gaussian
Gaussian
Gaussian

RBF 1-20-1

0.721194

0.628954

0.898485

27961883

63696129

1210406

RBFT

SOS

Gaussian

Identity
Identity
Identity
Identity
Identity

Network
title

Index

Table 2. The five most successful neural networks for the construction sector

RBF
RBF
RBF
RBF

Source: Authors.
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The identified neural networks were selected by the programme from 1000 neural structures on the basis of
performance. For these networks, the basic prediction statistics were subsequently calculated, as presented in Table 3.
Table 3. Basic prediction statistics for investment (construction sector)

Predictions statistics. Target: Investment

Statistics
Minimum prediction (Train)
Maximum prediction (Train)
Minimum prediction (Test)
Maximum prediction (Test)
Minimum prediction (Validation)
Maximum prediction (Validation)
Minimum residual (Train)
Maximum residual (Train)
Minimum residual (Test)
Maximum residual (Test)
Minimum residual (Validation)
Maximum residual (Validation)
Minimum standard residual (Train)
Maximum standard residual (Train)
Minimum standard residual (Test)
Maximum standard residual (Test)
Minimum standard residual (Validation)
Maximum standard residual (Validation)

1.RBF 1-16-1

2.RBF 1-18-1

3.RBF 1-18-1

4.RBF 1-21-1

5.RBF 1-20-1

-6462.8
34384.4
-6442.0
29085.4
-4767.2
23667.4
-24575.8
23624.4
-13494.8
34855.7
-13213.8
4821.8
-4.6
4.4
-1.9
4.9
-3.1
1.1

-441.5
53756.8
-247.9
52616.3
-231.3
14158.2
-16872.4
33657.5
-36407.2
44342.2
-3704.6
1700.2
-4.2
8.5
-3.3
4.0
-3.4
1.6

-159.9
32210.5
-34.1
28394.6
-56.3
22428.0
-23547.6
27201.1
-12804.0
36076.9
-11974.3
795.5
-5.2
6.0
-1.9
5.3
-4.9
0.3

-3475.1
36954.3
-355.5
35761.2
-736.7
20886.3
-28330.4
23280.9
-20170.6
37634.2
-10432.7
2911.1
-6.2
5.1
-2.5
4.6
-5.2
1.4

-5514.1
45465.3
-2311.1
14437.2
-1602.9
14437.2
-18554.6
37952.0
-11136.4
44056.3
-3983.6
2086.7
-3.5
7.2
-1.4
5.5
-3.6
1.9

Source: Authors.

The basic statistics for R&D investment predictions from Table 3 and their relation to VA are graphically presented
in Figure 3. With the help of the Statistica software, the five most successful neural networks (RBFs) were identified that
best described the logic of the regression function. The identified neural networks point in the graph where each of the
EU28 countries is located with regards to the optimal amount of investment in R&D for the period 2013–2017.

Figure 3. Relation between VA and R&D investment
Source: Authors.

A comparison of the prediction statistics and the real data from the five neural networks showed that neural network
No. 1 (RBF 1-16-1) was the most successful, which is graphically presented in Figure 4. The searched values on the (x,
y) axis are closest to the point (0, max), i.e. where the least waste occurs in the ratio between investment and value added.
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Figure 4. The most successful neural network No. 1 (RBF 1-16-1)
Source: Authors.

In this case, when analysing neural network No. 1 (RBF 1-16-1), it is clear from Figure 4 that for the construction
sector, the most optimal ratio of R&D investment and value added was achieved by the United Kingdom during the
monitored period (2013 - 2017). The most successful year for the United Kingdom as a member of the EU28 was 2015.
This year, the value of investment in R&D reached EUR 11.3 billion.
France was another country that, according to neural network No. 1 approached the ideal point (0, max) on the graph.
In 2013, investment in R&D in France amounted to EUR 15.6 billion, and in 2017, EUR 16.1 billion, an increase of EUR
500 million. Despite achieving approximately similar levels of value added, Germany invested more than the United
Kingdom during the period under review, but did not reach similar optimum values.
Manufacturing sector. The five most successful neural networks that best describe the logic of the regression
function are presented in Table 4.

Index

Network
title

Training
perf.

Test perf.

Validation
perf.

Training
error

Test error

Validation
error

Training
algorithm

Error
function

Hidden
activation

Output
activation

Table 4. The five most successful neural networks for the manufacturing sector

1
2
3
4
5

MLP 1-5-1
MLP 1-3-1
MLP 1-3-1
MLP 1-6-1
MLP 1-8-1

0.985507
0.984483
0.984451
0.985452
0.987951

0.995239
0.994447
0.994435
0.995294
0.996519

0.997513
0.996925
0.996969
0.997145
0.997107

1428085
1525709
1528674
1434234
1226937

725669.2
769331.4
770448.9
637001.4
572504.8

1246492
1505471
1493403
870003
561127

BFGS 66
BFGS 748
BFGS 9999
BFGS 140
BFGS 51

SOS
SOS
SOS
SOS
SOS

Tanh
Tanh
Logistic
Exponential
Logistic

Logistic
Logistic
Logistic
Exponential
Exponential

Source: Authors.

Multi-layer perceptron (MLP) networks consist of at least three layers of nodes: input layer, hidden layer, and output
layer. The time series are divided into three sets – training, testing and validation. In the hidden and output layers, the
following activation functions were considered: Logistic, Exponential and Tanh. A total of 10,000 neural networks were
generated, out of which 5 with the best characteristics were retained and used for the calculation of the basic prediction
statistics (see Table 5 below).
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Table 5. Basic prediction statistics for investment (manufacturing sector)
Predictions statistics. Target: Investment
Statistics
Minimum prediction (Train)
Maximum prediction (Train)
Minimum prediction (Test)
Maximum prediction (Test)
Minimum prediction (Validation)
Maximum prediction (Validation)
Minimum residual (Train)
Maximum residual (Train)
Minimum residual (Test)
Maximum residual (Test)
Minimum residual (Validation)
Maximum residual (Validation)
Minimum standard residual (Train)
Maximum standard residual (Train)
Minimum standard residual (Test)
Maximum standard residual (Test)
Minimum standard residual (Validation)
Maximum standard residual (Validation)

1.MLP 1-5-1

2.MLP 1-3-1

4.54
58493.29
4.54
47916.50
4.54
58492.41
-4004.35
5498.27
-3366.29
1921.24
-5133.31
1600.28
-3.35
4.60
-3.95
2.26
-4.60
1.43

4.54
58493.50
4.54
49546.50
4.54
58493.50
-4090.89
6048.29
-3614.50
2106.25
-5134.40
1694.08
-3.31
4.90
-4.12
2.40
-4.18
1.38

3.MLP 1-3-1

4.MLP 1-6-1

4.54
58493.50
4.54
49590.97
4.54
58493.50
-4055.54
6064.35
-3626.81
2090.51
-5134.40
1678.75
-3.28
4.90
-4.13
2.38
-4.20
1.37

4.54
59111.59
4.54
49677.17
4.55
56296.32
-3784.10
6163.58
-3478.81
1948.49
-2937.22
1212.40
-3.16
5.15
-4.36
2.44
-3.15
1.30

5.MLP 1-8-1

15.17
55018.81
20.60
51255.03
42.35
54627.74
-2736.97
5081.69
-2616.57
1986.08
-2855.58
825.34
-2.47
4.59
-3.46
2.62
-3.81
1.10

Source: Authors.

The relationship between the basic prediction statistics for investment in R&D (see Table 5) and value added are
graphically presented in Figure 50. With the help of the Statistica software programme, the five most successful neural
networks were identified (all of them MLP networks). In the graph below, each of the neural networks shows a point
where the EU28 countries are situated with regards to the predicted optimal amount of investment in R&D.

Figure 5. Relationship between VA and investment in R&D
Source: Authors.

A comparison of the prediction statistics and the real data obtained from the five neural networks showed that neural
network No. 5 (MLP 1-8-1) was the most successful (see Figure 6).

Figure 6. The most successful neural network No. (MLP 1-8-1)
Source: Authors.

8

https://doi.org/10.1051/shsconf/20219001008

SHS Web of Conferences , 01008 (2021)
ECCW 2020

As the VA for the monitored period 2013 - 2017 had similar values, for the clarity of the graphical representation of
neural network No. 5 (MLP 1-8-1), the year 2017 was selected to make an evaluation of the EU28 countries.
As can be seen in Figure 6, in the manufacturing sector, the optimal ratio between value added and investment in
R&D was achieved by France (~EUR 11.42 billion), Italy (~EUR 11.41 billion) and Great Britain (~EUR 10.6 billion).
Like in the construction sector, Germany is a country with high investment in R&D in the manufacturing sector. The
funds invested are subsequently reflected in the amount of value added. Germany is undoubtedly a leader in the creation
of VA in various industries. However, in terms of the 1:1 ratio (investments: value added), it does not achieve the same
optimal results in the manufacturing industry as, for example, France, Italy and Great Britain, where the least waste
occurs. In the graph, the Czech Republic achieves a value of EUR 2.8 billion, which, in terms of the 1:1 ratio regarding
the optimality of the funds invested, is a positive result.
In the research part, the authors examined the ideal ratio between value added and investment in R&D in the EU28
countries in the manufacturing and construction sectors. Regression analysis of neural networks was used to analyse the
most successful neural networks in these sectors. Scatter plots were used to find the point (0, max) at which the least
amount of investment in R&D was wasted.
In the construction sector, the optimal values were achieved by Great Britain in the year 2015 (EUR 11.3 billion). For
many years, Great Britain was one of the EU leaders in creating value added. It is clear that with Brexit at the beginning
of 2020, the European Union lost its leader in the creation of value added in the European market. This was reflected in
the global market where there is strong competition between Asian and European countries in terms of creating value
added. Germany, as another EU leader in creating value added in the construction sector, shows a high level of creating
VA during the monitored period, which can be explained by the high standard of living in the country, which is constantly
developing itself, as a result of which the construction industry is prospering. Despite the high VA, which is the objective
of all national economies, Germany invests high amounts of money in the given sector, but no longer reaches the optimal
ratio between the examined variables, unlike, for example, Great Britain and France. The high investment in the given
sector in this developed country can be explained by high wage costs and other factors, which are the highest in the EU.
In the manufacturing sector, the optimal ratio between VA and investment in R&D was achieved by France, Italy and
Great Britain. In this sector, Germany did not achieve the optimum between the examined variables, despite the fact that
it achieved the highest values. The ideal ratio between investment in R&D and the resulting VA are therefore the values
of this ratio in which investments are not wasted.

4 Conclusion
The objective of this contribution was to find to what extent investment in research and development participates in
the creation of value added for the EU28 countries. This objective was achieved by means of regression analysis. Neural
networks were used to determine the optimal ratio of investment in R&D to value added. The ratio was shown in a scatter
plot, which also showed that the sought optimum of invested funds in R&D is achieved if the amount of value added is
higher than the investment in R&D.
The results of the research showed that optimal values in the construction sector were achieved by Great Britain during
the monitored period (2013-2017); the most successful year for Great Britain as a member of EU28 was 2015. In this
year, the value of investment in R&D reached ~EUR 11.3 billion. France, with investment of ~EUR 16.1 billion in 2017,
came in second place. Despite achieving approximately the same amount of value added and investing more than Great
Britain during the monitored period, Germany did not achieve similar optimal values.
In the manufacturing sector, the optimal ratio between VA and investment in R&D was achieved by France (~EUR
11.42 billion), Italy (~EUR 11.41 billion) and Great Britain (~EUR 10.6 billion). As in the case of the construction sector,
Germany is a country that invests highly in R&D also in the manufacturing sector.
Limitations of the research. In this case, missing data on some countries in Eurostat was a limitation. The authors
believe that the data published by the EU countries are correct and calculated using the same methodology.
Practical application. Although the EU countries use the same currency, the standards of living and the historical
evolution of the sectors they specialize in makes it difficult to create and compare a dataset for the EU28 countries.
However, such comparisons are very useful for the national economies to be able to judge their competitiveness in the
European and global market.
Possible direction of further research. Further research could compare the influence of investment on value added
using regression analysis, but with a time lag. This would, according to the authors, better describe the relationship
between investment and value added.
When comparing the statistical data for the period 2013-2017 on the basis of the predictions made by the identified
neural networks using the Statistica software programme as artificial intelligence, it was observed how the given
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programme was trying to predict the future development of investment in R&D. Its predictive abilities were able to
provide a rough estimate that was quite close to the actual value; however, 2 years later. Using the assumption of the
possible development, it was able to predict the development of investment in R&D. When dealing with the issue of
investment, it is necessary to take into account the time lag with regards to returns, which is more than one year in most
cases. The application of neural networks can therefore be considered a suitable method for predicting possible
developments. Of course, no artificial intelligence is able to predict the development with complete accuracy if it does
not include uncontrollable factors, such as economic crises, ecological disasters, or pandemics in its calculations.
However, its predictive abilities can be useful for the purposes of strategic planning of companies in a given sector.
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