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Abstract

This article presents a methodology for collecting and processing spatial data to create a typology of European
regions. Both the methodology and the resulting typology are being developed as part of the international GoDigiBioS
project. The main objective is to create a robust, data-driven system for classifying areas based on complex interactions
between biodiversity, society, the economy, and technological development. The process begins with the careful
identification and selection of data sets that describe static and dynamic biodiversity, socioeconomic prosperity, public
administration, and technological progress. A key phase in the creation of the typology is data harmonisation, which
includes verification, metadata completion, consolidation, imputation, and normalisation of values. For subsequent
clustering, the article describes the use of advanced statistical methods and a hybrid approach based on principal
component analysis (PCA). The result is the division of European regions into specific clusters (e.g., innovation
leaders, stable developing countries, or tourism-based areas), which enables the effective creation of thematic maps.
This modular framework is designed so that it can be gradually optimised and supplemented with new data over time.
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INTRODUCTION

The world and Europe are currently facing an alarming decline in wild species and the degradation of ecosystems,
which form the essential basis for the functioning of nature and the provision of key services to humanity. To reverse
this trend, it is essential to focus not only on the direct drivers of biodiversity loss, but above all on the indirect drivers,
which are deeply rooted in the economic, demographic, technological and cultural patterns of our society, particularly in
the norms and values shaping consumer behaviour and production chains. According to current studies, addressing
these causes requires profound ‘transformative change’ across all sectors of society (Diaz et al., 2019). In this context,
the ongoing digital transformation and emerging technologies represent a “double-edged sword”: on the one hand, they
offer enormous potential for monitoring and supporting decision-making; on the other, however, they may exacerbate
negative trends, for example through the excessive consumption of natural resources in the production of technical
equipment. This ambivalence is the central theme of the concept of the parallel green and digital transitions, referred to
as the ‘twin transition” (Muench et al., 2022).

The GoDigiBioS project (Mitigation and adaptation measures: Policies, Governance, and tools to foster transformative
change; link) responds to these challenges by seeking to support the transition to a nature-friendly economy through an
understanding of the complex interactions between biodiversity, socio-economic well-being and technological
development. A key element of this effort within Work Package WP2 is the creation of a typology of European regions,
which enables the categorisation of EU territories according to specific patterns of interaction between the state of
nature and socio-technological progress. This typology, based on a data-driven approach and cluster analysis methods,
serves as an analytical basis for the replicability of proposed solutions and the strategic selection of regions for in-depth
case studies. The entire methodological framework is designed as a robust and modular system, the results of which will
be integrated into the interactive Data Explorer tool as part of further project activities. This tool will be used to
visualise biodiversity data and to support evidence-based decision-making processes in accordance with the ‘green over
grey’ principles.



The structure of this article follows the logical sequence of spatial data processing, ranging from problem identification
to the interactive visualisation of results. The paper is divided into the following key sections:

e Theoretical and project framework: The introductory section defines the context of the biodiversity crisis, the
concept of the ‘twin transition’ and the objectives of the GoDigiBioS project aimed at transformative change.
It includes a review of related work utilising data-driven approaches for the creation of regional typologies.

e Input data and spatial delimitation: This section describes the identification and selection of indicators
structured into six thematic pillars and defines the use of NUTS 2 administrative boundaries as the basic spatial
units.

e Harmonisation and statistical processing: This chapter provides a detailed analysis of the multi-stage process
of data cleaning, imputation of missing values and the application of advanced statistical methods, particularly
hybrid clustering.

e Results and thematic mapping: This section presents the final form of the European regional typology and a
detailed description of the seven identified clusters, supplemented by their cartographic visualisation.

e Discussion and future development: The concluding sections interpret the results in a broader context, link the
typology to research on territorial attractiveness, and outline possibilities for further refining the model using
machine learning and artificial intelligence methods.

METHODOLOGY

The development of data-driven regional typologies represents a key tool in current research for understanding the
complex interactions between environmental, socio-economic and technological factors across Europe. Current research
is increasingly moving away from expert classifications towards objective statistical models.

For example, Gobin and Van Herzele (2023) developed a methodology for creating a typology of agricultural holdings
that combines participatory methods with multivariate statistical modelling, specifically using principal component
analysis (PCA) and the k-means algorithm. Their work highlights that factors such as farm size, crop type and
participation in environmental programmes (e.g. NATURA2000) are crucial for understanding land-use decision-
making processes, which correlates with the GoDigiBioS approach to integrating data on biodiversity and socio-
economic well-being. Similarly, Damari and Berchoux (2026) analysed the alignment of local climate strategies with
the priorities of the European Green Deal. Using multiple correspondence analysis (MCA) and clustering, they
identified four distinct policy strategies in small settlements, thereby demonstrating that institutional capacity and
available infrastructure fundamentally determine regions’ ability to implement environmental measures. The
relationship between technological development and regional profiles is examined in detail in the field of innovation
systems. Rhoden et al. (2022) applied a mixture model for multivariate functional clustering of innovation activities
across 225 European regions. Their analysis showed that innovation clusters in Europe vary significantly according to
technological specialisation (IPC classes), with regions in Eastern Europe and the Iberian Peninsula exhibiting specific
trajectories that differ from central innovation hubs. This finding regarding technological heterogeneity is also key to
the GoDigiBioS project, which, within its technology and innovation pillar, examines the impact of digital
transformation on the state of nature. Bianchini et al. (2022) draw attention in this context to the so-called ‘twin
transition” (concurrent green and digital transformation) and find that whilst environmental technologies reduce GHG
emissions, the development of digital infrastructures (particularly big data) may have negative impacts without adequate
environmental safeguards. A key theme in related work is also the quantification of the environmental impacts of
human activity through footprint analysis. Koslowski et al. (2020) examined the role of urbanisation and income in the
biodiversity footprint of European households. Using multi-regional input-output (MRIO) models and life-cycle
assessment (LCIA), they demonstrated that the main driver of biodiversity loss is land use linked to demand for food
and fibre, with wealthier urban areas bearing the greatest responsibility for global species loss. This finding supports the
need to integrate dynamic data on emissions and changes in green infrastructure into typologies. Last but not least,
current research focuses on the potential of digital technologies (e.g. remote sensing, Al) in supporting the transition to
sustainable agriculture. Parra-Lopez and Carmona-Torres (2026) identified ways in which these technologies can
strengthen habitat monitoring and the knowledge base for policy-making. However, they warn of challenges such as the
digital divide and data interoperability, an issue that the GoDigiBioS methodology addresses through a process of
harmonisation and standardisation of spatial data.

Overall, it can be stated that whilst existing studies often focus either in isolation on economic innovation or on
monitoring the environmental footprint, the GoDigiBioS project represents a unique synthesis that links these
dimensions into a single robust classification system. This work thus builds on the methodological rigour of
multivariate analyses and extends them with a specific emphasis on the indirect drivers of biodiversity loss in the digital
age.



As stated in the introduction to the article, the methodological framework for developing a European regional typology
in the GoDigiBioS project is based on a data-driven approach that integrates advanced statistical methods,
geoinformation analysis and machine learning techniques. The aim is to identify objective patterns of interaction
between biodiversity, socio-economic well-being and technological development.

The methodological procedure shown in the diagram (Figure 1) represents a comprehensive spatial data processing
workflow, ranging from the identification of indicators to the interactive visualisation of results. The entire process
begins with the selection of relevant indicators and the collection of data describing biodiversity, socio-economic well-
being and technology. This data then undergoes a harmonisation phase. This is followed by a data processing phase,
during which values are normalised, individual thematic pillars are weighted and advanced statistical methods are
applied, in particular hybrid clustering. The output of this process is a resulting typology that classifies European
regions into specific clusters according to their development trajectories. The entire methodological framework
culminates in the creation of a thematic map (Figure 2), which serves for visual analysis and to support decision-making
processes in nature conservation.
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Figure 1. Methodology

The individual steps of the methodology (Figure 1) are based on the following key pillars and technical foundations:

1. NUTS regional classification: The use of the NUTS 2 administrative division as the basic spatial unit ensures
that the resulting typology is fully compatible with official European statistics and directly applicable in EU
regional policy. This standardised approach enables data comparability across the whole of Europe.

2. Similarity coefficient for mixed data (Gower, 1971): Given the heterogeneous nature of the input data (a
combination of numerical statistics and categorical landscape data), the methodology utilises Gower’s distance
implemented by the ‘daisy’ function in the R environment. This algorithm enables the correct calculation of a
similarity matrix for different types of variables.

3. Hierarchical clustering (Ward, 1963): The actual segmentation of regions is carried out using the Ward.D2
method, which is highly regarded in the specialist literature for its ability to create compact and clearly defined
clusters by minimising intra-cluster variance.

4. Clustering of mixed data types (Kaufman & Rousseeuw, 1990): The methodological approach to analysing
large datasets containing both numerical and nominal attributes is based on the principles described in classic
works on cluster analysis, which ensures the robustness of the segmentation even with high internal data
variability.

5. Validation and interpretation of clusters (Rousseeuw, 1987): To determine the optimal number of clusters and
verify their quality, the methodology employs techniques such as the Silhouette coefficient and the Elbow
method. These indices confirm the degree of intra-cluster similarity and sufficient inter-cluster differentiation.

6. Thematic mapping and visual analysis (Andersen et al., 2007; Rhoden et al., 2022): The final stage of the
methodology involves the cartographic representation of clusters through thematic maps, which enable the
identification of hidden spatial patterns and geographical relationships between biodiversity, technology and
socio-economic factors. This visual interpretation, utilising associative colours in the map outputs, is key to
understanding specific trajectories of regional development and to assigning comprehensible profiles to
individual clusters, such as ‘innovation leaders’ or ‘agricultural peripheries’. The use of methodologies for
mapping ecosystems and their services (Maes et al., 2020) and analysing spatial support for landscape regions
(Wisniewski et al., 2021) ensures that the visualisation is not merely illustrative but has strong analytical value.



The process of cartographic data visualisation will be completed by the creation of an interactive Data
Explorer tool, which will serve for visual analytics and evidence-based decision-making.

This transdisciplinary framework overcomes the traditional isolated perception of economic and ecological parameters
and replaces it with an integrated perspective that also takes into account dynamic trends, such as emissions projections
or changes in green infrastructure. The proposed methodology is modular, which allows for its future optimisation using
machine learning and artificial intelligence methods.

INPUT DATA

The basis for creating a regional typology within the GoDigiBioS project is a robust data-driven approach, which
enables the identification of objective patterns of interaction between biodiversity, socio-economic well-being and
technological development. The use of data rather than purely expert or intuitive models is key to capturing complex,
multidimensional relationships across the European landscape and to overcoming the traditional, isolated perception of
economic and ecological parameters. A typology thus represents a systematic method of classifying and organising
various phenomena into groups based on their shared characteristics and patterns of behaviour, which is key to
understanding the indirect drivers of biodiversity loss and to achieving transformative change towards sustainability.
For these purposes, synergy between spatial and attribute data is essential, as together they define the physical and
functional character of individual regions.

The spatial scope of the analysis is based on the administrative boundaries of NUTS (Nomenclature of Territorial Units
for Statistics), which ensure the spatial comparability of data and direct relevance to EU regional policies. Whilst the
initial version of the typology validated indicators at the national NUTS 0 level, the final model focuses on the detailed
NUTS 2 level, which comprises approximately 400 spatial units.

Attribute data are structured into six thematic pillars: biodiversity, social well-being, economic well-being, technology,
innovation and public administration. These data include both static indicators of the current state and dynamic
predictions and trends, such as projections of changes in green infrastructure or emissions by 2050. Data from the
Corine Land Cover (CLC) programme (Feranec et al., 2016) play a specific role, capturing the physical character and
environmental potential of regions through land use classes, independently of economic statistics.

The selection of data sources was guided by the requirement for high quality, openness and cross-border comparability
across Europe. The main source for socio-economic and technological statistics is Eurostat, whilst the European
Environment Agency (EEA) provides critical data on land cover (CLC) and protected areas. The JRC research centre
contributes essential data on biodiversity trends and long-term projections of environmental pressures. To supplement
specific indicators such as technology exports, education or labour productivity, databases from the World Bank, the
OECD and the European Central Bank (ECB) were utilised. The integration of these diverse yet harmonised sources
enables the creation of a comprehensive picture of European regions, which serves as the basis for the Data Explorer
tool and supports evidence-based decision-making processes in nature conservation.

DATA HARMONISATION AND DATA PROCESSING

The data harmonisation and processing process within the GoDigiBioS project involves a multi-stage chain that
transforms heterogeneous inputs from numerous sources into a format suitable for advanced statistical modelling. Given
the diversity of data from Eurostat, the EEA, the JRC and the World Bank, an initial phase focused on verification,
standardisation of numerical formats and correction of obvious errors in the original dataset is essential. The subsequent
data cleaning phase selectively removes regions and attributes where data gaps exceed 50%, leading to the replacement
of 65 NUTS 2 units in areas such as Turkey, Albania, or selected parts of France and Germany. The entire process of
seeking a reliable input dataset culminates in a further phase, where the threshold for missing values is tightened to
25%, thereby ensuring high data integrity of the inputs for the final analysis.

To achieve continuity in the data series and minimise information loss, the methodology employs a sophisticated two-
level imputation system. The first stage fills in missing data based on a synthesis from the national NUTS 0 level, which
primarily concerns innovation expenditure in Austria or Germany, or labour productivity from European Central Bank
data. The remaining data gaps, which account for approximately 5% of the total volume, are filled during the imputation
phase using the median. The result of this process is a stabilised dataset comprising 192 regions and 53 attributes, which
is subsequently enriched with dynamic environmental trends, such as predictions of changes in green infrastructure and
emissions up to 2050.

The processing of attribute data involves normalisation and specific weighting to achieve a balanced influence of all
monitored pillars. Quantitative values undergo min-max normalisation, which converts diverse indicators into a uniform



dimensionless scale. As the primary dataset exhibits an uneven distribution of categories — for example, innovation
indicators account for 34% of the data, whilst public administration accounts for only 4% — a weighting is applied to
ensure that each of the six main thematic pillars influences the resulting typology equally, regardless of the number of
sub-indicators.

At the core of the data processing is a hybrid clustering method implemented in the R environment. Gower’s distance is
used to calculate the similarity matrix between regions, which allows for the simultaneous processing of numerical
socio-economic statistics and categorical data on Corine Land Cover. The actual segmentation of the territory is carried
out using hierarchical clustering via the Ward.D2 method, which minimises intra-cluster variance and creates compact
groups of regions with similar development trajectories. The stability and quality of the resulting seven clusters are
continuously verified using statistical metrics such as the Silhouette coefficient and Dunn’s index.

For regions that had to be excluded from the primary analysis due to incomplete data, a secondary classification process
based on profile similarity is applied. This procedure utilises the Nearest Centroid Classifier model in an n-dimensional
indicator space and standardisation using Z-scores. By comparing the incomplete statistical profiles of these regions
with the average values of the seven stable clusters and optimising them based on structural land-use codes, complete
map coverage of the European area is achieved. This entire modular framework is designed so that it can be further
refined in the future using artificial intelligence and machine learning methods.

RESULTS

The final form of the European regional typology is the result of a comprehensive analytical process which, following
several phases of testing and optimisation at both national and regional levels, has resulted in a stable model. This
model utilises dozens of selected input data points grouped into six thematic pillars and three dominant land cover
classes. Validation of the results using metrics such as the Silhouette score and Dunn’s index confirmed the stability and
quality of the segmentation, demonstrating the internal similarity of regions within individual clusters and their clear
mutual differentiation.

A key output of the analysis is a thematic map (Figure 2) of the European regional typology at NUTS 2 level, which in
its final version covers the entire European area. To achieve this comprehensive view, a statistical imputation method
based on profile similarity was used for areas that had to be excluded from the primary calculation due to incomplete
data (e.g. Switzerland, Austria or Turkey).

From a cartographic perspective, the map utilises NUTS 2 administrative boundaries, which allows for a direct
interpretation of the results in the context of EU regional policies. A significant aspect is the choice of associative
colours (for example, dark green for forested areas), which visually support the thematic interpretation of individual
clusters and facilitate the identification of spatial patterns.

Based on statistical analysis, seven optimal clusters were identified, defining specific trajectories of interactions
between biodiversity, technology and socio-economic well-being:

1. Agricultural peripheral areas: These include regions with a high proportion of agricultural land and lower
innovation activity, typically in parts of Bulgaria, Croatia or Serbia.

2. Restructured agricultural systems: These represent areas undergoing economic transformation, including a
significant proportion of regions in the Czech Republic and Poland.

3. Forested areas: A cluster defined by the dominance of forest ecosystems, located in northern Spain, Austria or
southern Bulgaria.

4. Agri-industrial areas: Technologically more advanced regions with a low share of agriculture, high
urbanisation and the presence of metropolitan centres such as Prague, Madrid or Copenhagen.

5. Highly innovative regions: European leaders in innovation and technology with a high level of prosperity,
concentrated in Germany, Ireland, northern Italy and southern Finland.

6. Northern green production zones: Areas with an emphasis on sustainable technologies and natural resources,
typical of the Netherlands, Sweden and parts of Germany.

7. Areas under drought pressure: Regions of southern Europe (Greece, southern Spain and Italy) facing specific
climate risks and drought.
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Figure 2. Map of European typology.

This typology moves beyond the traditional isolated perception of economic and ecological parameters, replacing it
with an integrated perspective that incorporates the physical character of the landscape via Corine Land Cover and
development trends into regional profiles. The result provides a robust basis for selecting strategic regions for in-depth
case studies and modelling system dynamics in subsequent project phases.

DISCUSSION

The resulting regional typology represents a robust, data-driven system for classifying European territories, capturing
the complex interactions between biodiversity status, socio-economic well-being and technological development. This
approach is essential for understanding the indirect drivers of biodiversity loss, which are deeply rooted in the economic
and technological patterns of our society. The NUTS 2 level of detail allows for a better reflection of territorial
differences and directly addresses the ambivalence of technologies, which, in the context of the concurrent green and
digital transitions (‘twin transition’), can either significantly aid nature conservation or place a further burden on it.

The resulting seven clusters provide a clear thematic interpretation that enables the resolution of the so-called
‘innovation paradox’, whereby regions with the greatest need for environmental investment often exhibit a lower
capacity to absorb funding. A methodological achievement is the attainment of broad coverage of the European area,
including for regions with initially incomplete data, thanks to statistical imputation based on profile similarity. When
compared with the works utilised in the methodology, significant synergies can be identified: whilst Gobin and Van
Herzele (2023) use PCA and clustering for a typology of farms based on land-use decisions, the GoDigiBioS project
extends this framework to include the pillars of innovation and governance. Rhoden et al. (2022) highlight the technical
heterogeneity of innovation profiles, to which GoDigiBioS responds with a high proportion of innovation indicators,
albeit with the application of weights to ensure the equivalent influence of environmental parameters. Furthermore, the
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work of Damari and Berchoux (2026) confirms that local environmental strategies often encounter limited governance
capacity, which our methodology reflects by including the ‘Governance’ pillar.

Future development of the typology will focus on refining the classification of regions using machine learning (ML)
and artificial intelligence (AI) methods, which will enable the identification of finer patterns in incomplete datasets.
There is also potential to increase spatial resolution by moving to the NUTS 3 or even LAU level, which would require
the integration of local datasets, citizen science data and detailed habitat mapping to capture intra-regional differences.
A further step involves deeper integration of dynamic data on changes in social norms and values that shape people’s
relationship with nature.

An important element of the discussion is linking the typology with long-term research into the attractiveness of areas
(Cerba, 2020; Cerba et al., 2021; Cerba, 2025). This concept, explored in synergy with the socio-economic pillar of the
typology, helps to identify an area’s potential for sustainable development. The practical significance of the study
culminates in the **Data Explorer** tool, which visualises biodiversity data and paves the way for a new era of
landscape management, where digital technology and nature conservation work in synergy.

CONCLUSIONS

The typology of European regions developed within the GoDigiBioS project represents a crucial step towards a deeper
understanding of the complex interactions between biodiversity, technological progress and socio-economic well-being.
The main contribution is the creation of a robust, data-driven classification system that has identified seven stable
clusters at NUTS 2 level, representing specific development trajectories of European territories. This typology
represents a unique synthesis of quantitative statistical data and categorical information on land cover (Corine Land
Cover), enabling the detailed identification of indirect drivers of biodiversity loss.

A methodological achievement of the project is the overcoming of the traditional isolated perception of economic and
ecological parameters and their replacement with an integrated perspective. This approach to regional assessment
systematically incorporates not only the current state but also dynamic trends, such as emissions projections up to 2030
and changes in green infrastructure up to 2050. Thanks to the innovative use of statistical imputation methods based on
profile similarity, complete coverage of the European area has been achieved, ensuring that the results are scalable and
applicable to any administrative unit in the EU and associated countries.

The practical significance of the study will culminate in the future in the interactive Data Explorer tool, into which the
typology will be integrated, and in its use within the transformation laboratories (T-labs) of the GoDigiBioS project. In
these laboratories, the results will serve as an analytical basis for the creation of action plans and the modelling of
system dynamics in selected peri-urban areas. Furthermore, in the context of the author’s long-term research, it can be
emphasised that the innovation and technological parameters contained in the typology are directly linked to the overall
attractiveness of regions, which is a key factor in strengthening regional competitiveness and preventing brain drain.

Future development of the methodology will focus on increasing spatial granularity (towards the NUTS 3 or LAU level)
and the deployment of advanced machine learning and artificial intelligence techniques to refine classification in
dynamically changing areas. With this typology, the GoDigiBioS project paves the way for a new era of landscape
management, where digital technology and nature conservation do not work in opposition but in mutual synergy for the
benefit of both human society and ecosystems.
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