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Abstract 

To enhance the economic viability and address the labour shortage in the forestry industry, alternative solutions using 

robotization and automation are emerging. However, due to technological barriers and lack of solid business models, 

successful commercialization in the forestry sector is yet to be challenging. As an initial market analysis for developing 

a business model for new forestry machineries, this study was conducted to reveal clusters of EU countries to seek the 

potential market opportunities outside of Portugal. To identify similar market conditions and restrictions, EU countries 

were clustered using Minimum Spanning Tree (MST) based clustering analysis clustering algorithm and selection of 

variables while considering the geographic, economic, and social conditions of each country.  

 

 

1. Introduction 

Robotization and automation of forestry machinery are emerging as an alternative to address significant 

challenges in the forestry industry in terms of economic viability, safety, labour shortages, and environmental 

performance (Lideskog, Karlberg, and Bergsten 2015; Couceiro et al. 2019)). However, such a technological 

shift has not yet had significant commercialization in the forestry sector except for logging due to technological 

challenges and a lack of solid business models (Teece 2010; Lideskog, Karlberg, and Bergsten 2015). A well-

developed business model is essential for increasing the value of technology and opportunities into economic 

outputs through customers and markets leading to the success of a business (Chesbrough 2002; 2010). 

Thoroughly analyzing the main components of a business model is an essential process to create a solid 

framework for developing the business model (Couceiro et al. 2019). Especially, determining the value 

proposition and market segments are crucial in measuring and predicting the potential of new products and 

services.  

In most developed countries, the forestry sector is highly internationalized, concerned with its sustainability, 

diversity and increasing complexity, responding to the growing competition (Melo, Cunha, and Ferreira 2017). 

Although the forestry industry in Portugal is rich in opportunities, mainly due to the abandonment of rural and 

deprived areas and the lack of investment in maintenance and conservation, the potential has not yet been fully 

exploited (Melo, Cunha, and Ferreira 2017). Different countries around the world have distinct levels of 

economic, social, and environmental issues in forestry due to several factors that each country faces, e.g. 

geographic characteristics, economic capabilities. The possibility of such issues which may directly lead to 

potential risks is influenced by the situations that a given country has. For example, damages from natural 

disasters may vary depending on a country's risk management capabilities. According to literature (Toya and 

Skidmore 2007), countries with higher income and educational attainment, greater openness, more complete 

financial systems, and smaller government are more likely to experience fewer losses. Thus, there is a need to 

investigate the geographic, economic, and social features to draw implications in a variety of scenarios, 

including potential market opportunities. In this sense, the use of different indicators can be a solution 

for analyzing the current situation of the forest sector at a national level.  
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As an initial phase for building a business model for new forestry machines, this study was conducted to reveal 

clusters of EU countries to seek the potential market opportunities outside of Portugal. To identify similar 

market conditions and opportunities, EU countries were clustered using a hierarchical clustering algorithm, an 

unsupervised learning branch from the Artificial Intelligence.  

 

2. Methodology 

2.1. Data collection 

The main statistical data source used for the analysis was from major international organizations such as the 

Food and Agricultural Organization of the United Nations (FAO). The FAO statistical databases (FAOSTAT) 

platform is freely accessible and contains the largest statistical database on agriculture, fishery, and forestry in 

the world, with approximately 20,000 indicators covering 245 countries and territories, with around 2,000,000 

users each year (FAOSTAT, 2022). The FAOSTAT database is used widely in peer-reviewed literature, serving 

as the basis for many Agriculture, Forestry, and Other Land Use (AFOLU)-related analyses (Tubiello et al. 

2013). FAOSTAT is useful to make the cross-country comparisons because it has the user-friendly interface 

and the possibility to track the different items that we need in one place. To reflect the economic, social, and 

environmental issues in the forestry sector, twenty-seven indicators for 2015 (year) were selected related to 

forest production, land use, and social capital in FAOSTAT. The selected indicators had to respect the following 

criteria: (i) be fact based; (ii) be based on available data for twenty-seven EU countries; (iii) be easily 

interpreted. In creating the final list of indicators, new ad hoc indicators were created. One of the ad hoc 

indicators was, for example, “The production quantity of Pulpwood (m3) per Forest Land (1000 ha)” 

2.2. Data pre-processing 

As the variables were reported in different units, to determine distances between the EU countries, it was 

necessary to standardize them and eliminate dependence. According to (Arabie et al. 1996), when the number 

of variables is large, there is a possibility that variables that do not contribute to cluster classification exist, and 

these variables may interfere with finding a cluster structure. Finding structure in a high-dimensional variable 

space with a small dataset is a general problem in both classification and cluster analysis. This may be due to 

the presence of several "noisy" noninformative variables and/or redundant features from strongly correlated or 

more generally strongly dependent variables that may produce, for instance, multicollinearity (Fraiman, Justel, 

and Svarc 2008). The basic methodology for the detection of redundant variables is correlation analysis under 

unsupervised dataset that there are no output variables to predict. The most used measures are Pearson 

correlation coefficient for a linear correlation, and Spearman and Kendall correlation coefficient for a nonlinear 

correlation (Marshall 1996; Chok 2010). According to previous research, the use of Pearson correlation 

coefficient is not robust in forms of associations other than linear or normal associations (Kowalski 1972; Speed 

2011).  

2.3. Clustering analysis based on Minimum Spanning Tree (MST)  

Hierarchical cluster analysis as a multivariate statistical tool has also been widely used to group the data by 

simultaneously clustering objects and variables (Newman 2004). Hierarchical clustering has the advantage that 

it does not require a knowledge on the number or size of groups to look for beforehand. However, it does not 

tell us how many groups should be used to get the best division (Jain, Murty, and Flynn 1999; Xu and II 2005; 

Fortunato 2010). Another problem is the lack of the ability to detect clusters which are not defined by regular 

geometric curves (Grygorash, Zhou, and Jorgensen 2006; Zhong, Miao, and Fränti 2011; Wu et al. 2013; 

Tewarie et al. 2015) Detecting clusters with irregular boundaries has become a research interest in recent years. 

In particular, the clustering algorithm using the Minimum Spanning Tree (MST) has recently attracted a lot of 

attention (Gower and Ross 1969). MST is a tree that minimizes the total weight or lengths of the edges of the 

tree under a weighted, undirected graph.  

 

3. Results and Discussion 

As a result of the Shapiro-Wilk test for normality, twenty-nine indicators in 2010 and twenty-six indicators in 

2015 did not follow a normal distribution. With large enough sample sizes (> 30 or 40), the violation of the 
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normality assumption should not cause major problems (Ghasemi and Zahediasl 2012). However, the dataset 

which this research dealt with is small sample size and its normality is violated. Thus, for variable reduction, 

the Kendall correlation measure was employed. It is known to be more robust and slightly more efficient than 

the Spearman correlation coefficient (Croux and Dehon 2010).  

Following the above-mentioned methodology, the first step was the elimination of some higher correlated 

dependent and statistically significant variables (significance level = 5%) for the selection of appropriate 

features. The three indicators, such as “Share of Net value added of forestry in total net value added”, 

“Proportion of naturally regenerating forest in forest area”, “Proportion of land under meadows and pastures in 

agricultural area”, consequently had been eliminated by correlation analysis. Finally, the analysis enabled the 

grouping of twenty-seven EU countries into clusters using thirty-seven different variables. When analyzing the 

similarity without SDG indicators between EU countries, twenty-nine indicators were used except eight SDG 

indicators.  

Before correlation analysis, normalization (Min-Max scaling) was used to make variables comparable to each 

other on equal grounds. The variables were shift and rescaled so that they end up ranging between 0 and 1. The 

method did not change the shape of the distribution of data while adjusting the values. If the shape of the 

distribution is changed, it introduces bias into analysis because the distribution of a lot of collected data is not 

Gaussian. Applying Prim’s algorithm for shaping a complete graph based on Manhattan distance among 

monitored features into MST. Finally, a network community detection technique was applied to identify the 

clusters of EU countries.  

 

Figure 1- Network communities of EU countries with MST based on the Manhattan distance, and each cluster is 

identified by a special color 

Our analysis of the different indicators related to forestry through clustering analysis based on MST was 

performed on the EU27 countries for two time periods 2010 and 2015. Fig. 1 shows that there is a difference in 

the network community composition depending on different periods. There were six clusters created, 

representing the seven groups of EU-27 countries in 2010, while eight clusters were created in 2015. 

Table1. Sorting countries into clusters using dataset 2010 

1 2 3 4 5 6 7 

Austria Belgium Czechia Bulgaria Croatia Cyprus Italy 

Finland Luxembourg Germany Denmark Estonia Greece Portugal 

Slovenia Netherlands Ireland France Latvia Malta Spain 

Sweden  Poland Hungary Lithuania   

    Slovakia   Romania     
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The results of year 2010 are presented by two clusters of five members, two of four members and three of three 

members (Table 2). On the other hand, the results of year 2015 are presented by one cluster of three members, 

one of five members, two of three members and three of three members (Table 2). The group consisting of 

Austria, Finland, Slovenia, and Sweden did not change during the two periods in 2010 and 2015, and Portugal 

and Spain, which were in the same group in 2010, were analyzed as belonging to the same group in 2015 as 

well. On the other hand, in Italy and Luxembourg, the group to which they belonged also changed over time. 

Table 2. Sorting countries into clusters using dataset 2015 

1 2 3 4 5 6 7 8 

Austria Belgium Bulgaria Cyprus Czechia Denmark Latvia Portugal 

Finland Luxembourg Croatia Greece Germany France Estonia Spain 

Slovenia  Lithuania Malta Ireland Hungary   

Sweden  Poland Italy Netherlands    

  Romania      

  Slovakia      
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