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Potential Assessment
Otakar Čerba

Department of Geomatics, Faculty of Applied Sciences, University of West Bohemia in Pilsen, Technická 8,
30100 Plzeň, Czech Republic; ota.cerba@gmail.com

Abstract: This study explores a methodology for assessing territorial innovation potential
using OpenStreetMap (OSM) data and geoinformation technologies. Traditional assessment
methods often rely on aggregated statistical data, which provide a generalized view but
overlook the spatial heterogeneity within regions. To address this limitation, the proposed
methodology utilizes open, up-to-date OSM data to identify key infrastructure elements,
such as universities, research institutions, and data centers, which drive regional innova-
tion. The methodology includes data extraction, harmonization, and spatial analysis using
tools like QGIS and kernel density estimation. Results from the PoliRuralPlus project pilot
regions highlight significant differences in innovation potential between urban centers
and rural areas, emphasizing the importance of detailed spatial data in policy making
and regional development planning. The study concludes that OSM-based assessments
provide spatially detailed targeted, flexible, and replicable insights into regional innovation
potential compared to traditional methods. However, the limitations of crowdsourced
data, such as variability in quality and completeness, are acknowledged. Future devel-
opments aim to integrate OSM with official statistical data and other data resources to
support more efficient and fair resource allocation and strategic investments in regional
innovation ecosystems.

Keywords: innovation potential; spatial data; OpenStreetMap; geoinformation technologies;
regional development; data-driven methods; regional attractiveness

1. Introduction
The innovation potential of a territory encompasses the ability of a region to foster

innovation and technological progress (see the definition of the term innovation potential
of a territory in the Section 2). This potential is essential for sustainable economic growth,
strengthening competitiveness, and improving the quality of life (creating jobs, improving
access to advanced technologies, promoting environmental sustainability, or fostering social
well-being) in the territory. In recent decades, there has been growing interest in assessing
innovation potential, particularly in relation to territorial development, as individual
regions have increasingly profiled themselves as key actors in the global innovation system.
A region’s capacity to innovate is influenced by a number of factors, including the level of
human capital, research infrastructure, and supporting policies.

Traditional methods for evaluating innovation potential often fail to accurately cap-
ture its spatial distribution. These methods typically rely on aggregated statistical data,
which combine various factors such as human resources, educational institutions, R&D
infrastructure, and supportive policies (a detailed description of these existing methods can
be found in the Section 2). The problem with these methods, however, is that they usually
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provide a single, highly generalized value for the whole territory. This leads to a bias, as
the spatial distribution of factors affecting innovation potential is not homogeneous. For
example, the degree of availability of research centers, technology parks, or skilled labor
can vary significantly not only between regions but also within a territory. Such aggregated
data are unable to capture these subtle spatial differences, making it difficult to accurately
assess and compare the innovation potential of individual regions.

The proposed solution to this problem is to assess the innovation potential of a territory
based on the available infrastructure that supports the diffusion of innovation [1]. Here,
spatial (geographical) data play a key role, allowing for a more detailed analysis of the
territory in terms of the location of relevant infrastructure elements. For example, data
from the OpenStreetMap (OSM) project represent an ideal source of information due
to their availability, licensing, timeliness, and localization of the required infrastructure
elements. Using this data, key infrastructures such as research facilities, technology parks,
universities, or communication networks can be more accurately identified, enabling a
better understanding of the spatial distribution of innovation potential.

A major advantage for spatial data processing, including OSM, is the use of geoinfor-
mation technologies (GITs), which can efficiently process and visualize large amounts of
spatial data. Thematic maps generated from this data allow for easy interpretation and
provide a clearer picture of the distribution of factors influencing innovation potential. In
addition, GIT offers the possibility of combining different data layers to create a compre-
hensive and detailed picture of innovation potential in a specific region. This allows not
only for better analysis but also for more accurate regional development planning and
more efficient resource allocation.

The aim of this paper is to present and discuss the first version of a methodology
for assessing the innovation potential of a territory using data from OpenStreetMap and
geoinformation technologies. This methodology offers several major advantages over
traditional approaches. First, it allows for a detailed analysis of the spatial distribution
of factors, leading to a more accurate assessment of the innovation potential of individ-
ual regions. Second, the use of open and relatively recent data makes the methodology
easily replicable and applicable to different territories, which increases its versatility. Fi-
nally, geoinformation technologies provide tools for the effective visualization of results,
simplifying interpretation for different users, including policymakers, regional planners,
and investors.

This new methodology holds significant promise for improving the assessment of
innovation potential and supporting the innovative development of regions. It enables the
identification of key areas with high potential for innovation, facilitating more effective
targeting of development and investment activities, which is crucial for the competitiveness
of regions in the global market.

This article is structured as follows: The Materials section introduces the concept of
innovation potential, reviews existing assessment methods, and outlines OpenStreetMap
(OSM) as the primary source of spatial infrastructure data. The Methods section explains
the assessment process, including data collection, harmonization, and analysis using open-
source QGIS software. The Results section presents findings from the application of this
methodology in the PoliRuralPlus pilot regions. The Discussion section evaluates the
methodology’s benefits, limitations, and potential improvements, such as integrating addi-
tional data sources or optimizing the model. Finally, the Conclusions section summarizes
key insights, emphasizes the advantages of OSM and geoinformation technologies for
assessing innovation potential, and proposes directions for future research.
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2. Materials
This section introduces related works explaining the term “innovation potential of the

territory”, existing methods for assessing it, and the input data used in this study.

2.1. Definition of Innovation Potential

The term “innovation potential of a territory” refers to the capacity of a geographical
region to generate and introduce new ideas, technologies, and processes that enhance
economic performance and competitiveness. Previous studies [1–3] in this area have
provided several useful definitions of the term innovation potential. According to [1],
regional innovation potential can be defined as “the ability of a region, under given
circumstances, to use its own internal resources efficiently, to respond flexibly to external
development stimuli, to create and develop activities with higher added value, and thus to
acquire new, hierarchically higher qualities”. Similarly, [2] describes innovation potential
as the ability to develop and advance competitive sectors further. In another study, [3]
interprets innovation potential as a characteristic of the existing innovation environment
where innovations are created, developed, and implemented. The above three definitions
describe the innovation potential of an area as the ability or characteristic of a region to
effectively create, develop, and implement innovations to increase competitiveness and
value added.

The concept of innovation potential is understood in varying ways depending on
the perspective of the analysis. Different definitions emphasize distinct factors, such as
human resources, infrastructure, or external influences, which are described in detail in
subsequent sections.

2.2. Existing Assessment Methods

The assessment of the innovation potential of a territory can be viewed from
four different perspectives:

1. The perspective of perception and understanding of innovation potential, including
its components (cognitive–semantic perspective);

2. The perspective of data sources (data perspective);
3. The perspective of the calculation of the resulting evaluation (mathematical–

statistical perspective);
4. Perspective on the technologies used for the evaluation (technology perspective).

Ad 1. The definitions of the term “innovation potential of the territory” provided
in the previous section of the text suggest that the innovation potential of a territory is
expressed using various factors (characteristics of the territory, indicators) that have an
impact on the diffusion and adoption of innovations in the region. Therefore, data-driven
methods for assessing innovation potential are based on the analysis of mainly spatial data,
which can be used to describe and model individual factors or groups of factors. Different
authors work with different, intersecting groups of factors that describe the innovation
potential of a territory:

• Higher education, lifelong learning, medium/high-tech manufacturing employment,
high-tech services employment, public R&D expenditure, business R&D expenditure,
and high-tech patent applications at the European Patent Office (EPO) [4];

• Indicators and groups of indicators, such as basic and demographic data, educa-
tion structure, economic activity, employment and unemployment, economic perfor-
mance, investments, economic agents, high-tech and medium-high-tech industries,
research and development—inputs, research and development—outputs, industrial
zones, entrepreneurship support programs, venture capital; and regional innovation
strategies [1];
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• R&D employees in firms, the total workforce in firms, employees in public research
facilities, geographic profile, geographic location, natural resources, total population,
settlement characteristics, and (high-tech) start-ups [5];

• Economic policy and debt, education, environment, financial sector, health, infras-
tructure, poverty, private sector and trade, public sector, social protection and labor,
technological readiness, and market size [6];

• R&D investment, number of patents, number of research articles, and emissions
tracking [7].

The representation and characteristics of each factor depend on the authors’ profes-
sional background as well as the target group (focus) of the research results. The above list
shows that individual authors range from a strongly economic perspective, for example [1],
to geographic–sociological studies, for example [4].

Ad 2. In terms of input data, we need to mention the different sources of input and
also their nature. The situation is considerably easier for national-level assessments than for
international ones (cross-border studies). At the national level, official data provided by the
local statistical office are usually available. These data are guaranteed, homogeneous, and,
in developed societies, regularly updated. The same conditions are also important for input
to international studies assessing the innovation potential of territories. Therefore, it is nec-
essary to carefully compare and possibly harmonize the data [8] from the different national
providers to see if they are identical in terms of data acquisition methodology, including
physical units, meaning, or mathematical operations. For international studies, data from
international organizations such as the UN, World Economic Forum, or World Bank can be
used [5]. In Europe and the European Union, data from Eurostat are mostly used, published
for NUTS (Nomenclature des Unites Territoriales Statistiques, Nomenclature of Units for
Territorial Statistics) statistical units in levels 0 (countries), 2 (cohesion regions), or 3 (details
in European Commission (EC) REGULATION (EC) No 1059/2003 OF THE EUROPEAN
PARLIAMENT AND OF THE COUNCIL of 26 May 2003 on the establishment of a common
classification of territorial units for statistics (NUTS): NUTS-Nomenclature of territorial
units for statistics; European Commission. (2016). Commission Regulation (EU) 2016/2066
of 21 November 2016 Amending the Annexes to Regulation (EC) No 1059/2003 of the
European Parliament and of the Council on the Establishment of a Common Classification
of Territorial Units for Statistics (NUTS).

In general, aggregated statistical data reported for the whole territorial unit domi-
nate the assessment of innovation potential (for example, Regional National Summary
Innovation Index [4] or Open Innovation Index [6]). Aggregate statistical data reported
for whole territorial units present several significant risks compared to more detailed geo-
graphical and spatial data. The aggregation of data into larger territorial units leads to a
loss of information on the spatial variability of the observed phenomena, which may cause
misinterpretations and distortions of the actual situation. In addition, aggregation results
are affected by the way the boundaries of the territorial units are defined, a well-known
Modifiable Areal Unit Problem (MAUP; [9]), which can alter the results of analyses even
with the same input data. Aggregation tends to mitigate outliers, and the degree of this
effect may vary depending on the method used and the nature of the data. Aggregation
masks heterogeneity of the area because high and low values are averaged, leading to
misleading conclusions about the uniformity of the observed phenomenon [10]. Aggre-
gated data also limit the possibilities of spatial analyses and reduce statistical power, as
important relationships and differences evident at the level of individuals or smaller spatial
units may be overlooked in aggregation. Further, there is a risk of ecological error [11],
where conclusions drawn from aggregated data are incorrectly applied to individuals or
smaller units, and limited flexibility, because aggregated data do not allow users to perform



ISPRS Int. J. Geo-Inf. 2025, 14, 127 5 of 17

their aggregations or disaggregations. For these reasons, it is essential to be aware of the
limitations of aggregated data when working with them and to favor detailed geographic
data that better reflect spatial relationships and variability in many analytical tasks.

Ad 3. In order to link information coming from different inputs, different ratios
(indices) are used to assess the innovation potential of territories—for example, the Global
Innovation Index [12], the European Innovation Scoreboard [13], the Open Innovation
Index [6], Revealed Regional Summary Innovation Index, Regional National Summary
Innovation Index [4], and Regional European Summary Innovation Index. Many studies,
such as [1] or [6], construct indices based on a weighted average of the input data values.
Different techniques are used to estimate the weights of each input criteria, starting from
the simplest ones, such as the ranking method (the indices reported by [4]) or the scoring
method, to more sophisticated methods (Fuller’s, Saaty’s; see [1]), to complex processes
(the Lasso regression technique; see [6]).

Ad 4. The above research on the innovation potential of territories does not explicitly
mention the technologies used. From the text and possibly from the published figures, it
can be inferred that most often Microsoft Excel spreadsheets are used. As geographically
localized data enter into the assessment of the innovation potential of a territory, geographic
information systems (GIS) are a suitable tool for this activity. GIS can harmonize data from
different sources, analyze the data, and also effectively visualize the results of the analyses
in the form of different types of thematic maps (cartograms, diagrammatic maps, etc.).
Studies dealing with the use of GIS for the assessment of innovation potential have been
published, for example, by [14–16].

Due to the mentioned shortcomings of aggregated statistical data, the data-driven
attractiveness assessment from the perspective of the innovation potential of the territory
is carried out using data that represent the infrastructure in the studied territory. In order
to conduct research across national borders, the global dataset OpenStreetMap was chosen.
Similar studies can be encountered in publications such as [17–19].

2.3. OpenStreetMap

OpenStreetMap (OSM) (https://www.openstreetmap.org/) [20] is the main source of
input data for the data-driven assessment of the attractiveness of the territory in terms of
innovation potential, which is the topic of this article. The reason for using OSM is that it
is a spatial dataset that is freely available, contains features of interest for attractiveness
assessment research (a more detailed description of these is provided later in the paper),
and also covers the entire area of interest.

OSM is an open-source project aimed at creating and providing freely available ge-
ographic data. The project was founded in 2004 by Steve Coast in the UK with the aim
of creating a free and open map that can be used by individuals, organizations, and
commercial entities without licensing restrictions. In 2006, the OpenStreetMap Founda-
tion (https://osmfoundation.org/) was established to support the growth and develop-
ment of the project. An important milestone in the history of OSM was the transition to
the Open Database License (https://opendatacommons.org/licenses/odbl/, accessed on
15 January 2025), which ensured the protection of the rights of contributors and users of the
data. In 2018, the number of registered users exceeded 5 million, and three years later, the
project reached 100 million change sets, demonstrating its global popularity and dynamic
development.

The OSM data model is based on three basic types of geographic objects (nodes, ways,
and relations). Nodes represent individual points defined by geographic coordinates, which
can symbolize, for example, trees, lamps, or intersections. Paths (ways) are connections of
two or more nodes that create lines such as roads, rivers, or closed polygons representing

https://www.openstreetmap.org/
https://osmfoundation.org/
https://opendatacommons.org/licenses/odbl/
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buildings or lakes. Relations allow describing more complex structures and relationships
between objects, such as public transport routes or administrative boundaries. All objects
are described using a key-value tag system that provides a high degree of flexibility in
describing geographical entities. Each tag contains a key that defines the category of
the feature (e.g., “highway” for roads) and a value that specifies the properties of that
category (e.g., “residential” for a street in a residential area). The system allows arbitrary
combinations of tags and supports the addition of further details using prefixes, infixes, or
suffixes, for example “name:en” for the English name of a street.

OSM data are provided in XML (Extensible Markup Language) or PBF (Protocolbuffer
Binary Format) formats, allowing easy downloading and further processing. OSM stores
geographic coordinates in the WGS 84 system (World Geodetic System 1984).

The main advantage of OSM is its openness and accessibility. The data can be used
for free, including in commercial applications, making it an attractive alternative to closed
commercial systems. Thanks to continuous updates by a community of volunteers, the
data are often more up-to-date than some other sources. However, disadvantages can
include varying data quality depending on local community activity, lack of systematic
data checking, and dependence on contributors who may enter subjective or inaccurate
information. Working with the data also requires technical knowledge, which can be a
barrier for less experienced users.

The reasons for using OSM for data-driven assessment of territorial innovation poten-
tial are as follows:

• Accessibility: OSM provides open access to highly detailed spatial data;
• Timeliness: OSM is a live data source that is continuously updated by the community;
• Flexibility: OSM data can create different types of land use analyses.

3. Methods
The research methodology (Figure 1) published in this paper follows the general

methodology for data-driven assessment of the attractiveness of areas published in [21]
and [22].
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In the Task assignment section, the task of data-driven attractiveness assessment is
specified. The specification refers to the type of attractiveness (for example, in the study
presented in the Results section, it is the attractiveness associated with the innovation
potential of the territory), the target group, and the territory on which the attractiveness
will be evaluated. All three of these pieces of information are interlinked and determine the
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next steps in the attractiveness assessment, namely, the choice of input data, data processing
methods, or presentation of results, including cartographic visualization [22].

From the perspective of using OSM as a base of input data for attractiveness assess-
ment, the Data modeling section is important, as it deals with the collection and processing
of data suitable for site assessment. The following operations are required in processing
OSM data:

1. Data searching;
2. Data mining;
3. Data harmonization.

Ad 1. The data searching phase seems to be completely unnecessary because the data
source (OSM) is explicitly provided. In most research using data-driven area attractiveness
assessment, it is necessary to select specific types of objects with which a particular type of
attractiveness can be modeled. For example, for attractiveness related to the innovation
potential of a territory, the object type “amenity:university” makes sense, while the object
type “natural:stone” will not be considered in the evaluation (and also in the downloading
and processing of the input data). This phase of the attractiveness assessment is closely
related to the Task assignment step and is carried out through a search of the related
literature and communication with stakeholders.

Ad 2. The data are extracted from OSM using the overpass-turbo web service
(https://overpass-turbo.eu). Since in the study described below, 158 data object types for
nine different territories need to be retrieved, this task is automated using a Bash script
(Bourne-Again SHell). The result is data in CSV (Comma-separated value) format, which
enters the next step of the Data modeling section.

Ad 3. The data harmonization is based on the universal framework for spatial data
described in [8]. Downloaded data must first be checked, and if errors exist, they must be
added or corrected. This operation is mainly done manually using regular expressions and
bulk changes.

The next step is the transformation of the coordinate systems. The coordinates of the
original data are in latitude/longitude form, whereas for the use of the Kernel density
function, which is used to calculate the resulting attractiveness of the area in the study
described below, data in a planar coordinate system is more appropriate. Therefore, we
convert the input data to the WGS84/Pseudo-Mercator coordinate system (EPSG 3857)
using a GIS (in our research, we prefer the open-source software QGIS 3.34).

The third phase of data harmonization consists of linking the OSM data with infor-
mation that provides the importance (weight) of each feature type to evaluate the attrac-
tiveness as well as the impact of the feature type on its surroundings. For example, the
“amenity:university” object type has the highest possible weight in terms of assessing the
innovation potential of an area and operates within a distance of 50 km (see the study
presented in the Results section). In order to link the two types of information, a Bash script
was created.

The last part of the diagram (Figure 1) is the Assessment of attractiveness. This part
consists of two steps: (1) computing a data-driven attractiveness assessment (various
methods for attractiveness computations are provided in the Materials section or the
publications [21] and [22]; the method suitable for OSM data is described in the Results
section); (2) presentation of the results of data-driven attractiveness assessment, most
often in the form of maps (see Figures 2–5 and the publication [22] for more details). The
operations of the Assessment of attractiveness part are most often implemented using
R software 4.4.2 or some specific GIS.

https://overpass-turbo.eu
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4. Results
The findings presented in this paper show a comparison of assessments of the in-

novation potential of the nine pilot areas of the PoliRuralPlus project (https://www.
poliruralplus.eu/). This project builds on the success of its predecessor (PoliRural project
(https://polirural.eu/)) and focuses on connecting rural and urban areas through advanced
digital tools, such as AI (Artificial Intelligence), GIS, IoT (Internet of Things), and data
analytics. The project aims to overcome policy barriers, reduce inequalities, and improve
management and governance to support integrated rural and urban development strategies.
The project includes nine pilot initiatives that test a pan-European approach to planning
and forecasting development. Key objectives of the PoliRuralPlus project include fostering
cooperation, developing business opportunities, promoting a green and circular economy,
and revitalizing rural areas through connectivity and innovation ecosystems. PoliRuralPlus
also contributes to the implementation of the Green Deal for Europe and uses European
research infrastructures to improve collaboration and data-driven innovation.

In assessing innovation potential in the pilot regions of the project, we have drawn on
the methodology (Figure 1) presented in the Methods section and the definition of the term
innovation potential published in the Materials section.

In a first-step data-driven assessment of innovation potential of pilot regions of
the PoliRural project, three main pieces of input information of this assessment task
were established:

• Type of attractiveness: as mentioned above, the attractiveness of the territory in terms
of innovation potential will be assessed.

• The target group: the target group of the PoliRuralPlus project and also the users of
the attractiveness assessment consists mainly of experts in regional rural development,
politics, public administration, and also commercial entities interested in business in
the assessed areas.

• Regions: the PoliRuralPlus pilot areas include County Monaghan (Ireland), Slovakia,
Central Greece, Apulia (Italy), Mallusjoki (Finland), Czech–Bavarian border region,
Federation for the Development of Sierra and Mancha Conquense (Spain), Vizdeme
Planning Region (Latvia), and Malta and the Gozo islands (https://www.poliruralplus.
eu/pilots/rural-pilots/, accessed on 15 January 2025). In terms of administrative
boundaries, the boundaries of the relevant NUTS3 regions have been used (yellow
areas in Figure 2). NUTS3 regions represent the most appropriate uniform spatial
units in the area of interest in terms of scale.

In line with the description of OSM in the Materials section, OSM data were used
as the main and only input data source for the attractiveness assessment. In the current
version, only point data (nodes) are processed. These data can also be used to model
linear features that undeniably influence the attractiveness of the area. For example, the
existence of motorways or high-speed roads (linear element) is not of great importance for
the attractiveness of an area in terms of innovation potential, but rather the presence of a
motorway exit (point element). The same is true for the railway—railway station pair.

The basic principles of the data modeling phase were described in the previous sec-
tion of the paper. The choice of the appropriate key and value pairs from OSM is crucial
for data selection and data harmonization. For the purposes of the described research,
158 relevant pairs describing the innovation potential (Link to shared table with OSM key-
value pairs and weight and surroundings values—https://bit.ly/OSM_for_innovation_
potential-attractiveness, accessed on 15 January 2025. Table is open to comments and the
author welcome any notes and comments) were selected in the first phase. The relevant
pairs were selected on the basis of discussion with stakeholders and research of existing
publications (Sections 2.1 and 2.2). To these pairs, information about the importance of a

https://www.poliruralplus.eu/
https://www.poliruralplus.eu/
https://polirural.eu/
https://www.poliruralplus.eu/pilots/rural-pilots/
https://www.poliruralplus.eu/pilots/rural-pilots/
https://bit.ly/OSM_for_innovation_potential-attractiveness
https://bit.ly/OSM_for_innovation_potential-attractiveness
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particular type of object for the attractiveness evaluation (weight column with values 1–10,
where the number 10 means the maximum importance in terms of the evaluated attrac-
tiveness) and also about its influence on the surroundings (surroundings column, which
contains the radius of the circular surroundings stated in meters) was added. Table 1 shows
the types of objects that are of decisive importance for the evaluation of the attractiveness
in terms of innovation potential (weights 9 and 10).

Table 1. The most important OSM key-values pairs for the data-driven assessment of territorial
innovation potential.

Surroundings Weight Key-Value

50,000 10 amenity:university
50,000 10 amenity:research_institute
50,000 10 office:research
50,000 10 office:university
100,000 9 amenity:conference_centre
100,000 9 amenity:exhibition_centre
50,000 9 amenity:college
50,000 9 amenity:university:faculty
20,000 9 telecom:data_center

The weight and surroundings values were chosen based on a literature search (see
Section 2), expert judgement, discussion with key stakeholders, and a simple questionnaire
sent to representatives of each pilot. These values will be optimized in the future to ensure
that the resulting model is as close to reality as possible.

The attractiveness calculation is performed in QGIS using the Heatmap function
(kernel density estimation; [23]). Kernel density estimation was chosen for this study
due to its simplicity, flexibility, and established use in geospatial analysis. It provides a
smooth and continuous density surface, effectively visualizing the spatial distribution of
innovation-related elements such as infrastructure. Additionally, kernel density estimation
is computationally efficient and adaptable to diverse data types, including point and line
datasets, making it a practical choice for analyzing large-scale data like OpenStreetMap.
The input for this function is a layer with point geometry. This layer contains nodes from
the OSM that were selected based on key and value values. Two attributes, weight and
surroundings, were added to this layer, from which the advanced function parameters weight
and radius were obtained.

The output of the attractiveness assessment for the PoliRuralPlus pilot areas is a map
(Figure 2) that compares the attractiveness in each pilot region. From a cartographic point
of view, this is a so-called heatmap (density raster). The dark-green color on the map shows
areas with high attractiveness (the maximum attractiveness has a value of 7906 relative
points; the lowest attractiveness is 0). On the other hand, areas where the underlying map is
hardly covered by the heatmap layer are the least attractive in terms of the evaluated topic.

Very high attractiveness (according to Table 2) in the surveyed areas is mainly shown
by the capital cities, such as Athens (Greece), Bratislava (Slovakia), Budapest (Hungary), or
Valletta (Malta), or local metropolises, such as Brno (Czechia) or Regensburg (Germany); see
the example in the Slovakia pilot area (Figure 3). Slovakia, except for the capital Bratislava,
shows low attractiveness in comparison with urban areas in neighboring countries (Austria,
Czechia, and Hungary). In the large settlements, we can find infrastructure (universities,
research organizations, transport infrastructure) that strongly influences the innovation
potential of the whole area.
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Table 2. Summary of the classified raster.

Percentage in Raster Values Color in Figure 5 Innovation Potential

78.80% 0–147 Red Very low
16.60% 147–479 Orange Low
3.90% 479–1197 Yellow Medium
0.60% 1197–3080 Light green High
0.10% 3080–8328 Dark green Very high

By contrast, rural areas in Spain, Finland, and Latvia are less attractive in terms of
innovation potential (value 0–147 in Table 2). This fact is illustrated in the pilot regions in
Latvia (Figure 4) and in the overview of all pilot areas (Figure 5).

Interpretation of the attractiveness assessment results can be done by classifying
the grid using natural breaks (Jenks breaks). Figure 5 shows the grid divided into
five categories—red indicates areas with very low innovation potential, while dark green
indicates areas with high attractiveness in terms of innovation potential. Figure 5 clearly
shows the different nature of the pilot regions, ranging from purely rural areas (Spain,
Latvia) to areas with one or more local centers (Ireland, Finland, or Greece) to areas that
are covered by infrastructure important for the diffusion of innovation (the eastern part of
the pilot area in Italy, the Bavarian part of the cross-border pilot area between the Czech
Republic and Germany or western Slovakia). Table 2 provides an overview of the grid
so classified (boundaries of the individual intervals and percentage of intervals in the
resulting grid).

According to Table 2, more than 95% of the areas with very low or low innovation
potential are represented, which is very worrying information from the point of view of the
sustainability and development of rural areas, including the demographic situation.

Table 3 also provides other comparisons of attractiveness in terms of innovation
potential. It shows the average and maximum value of the raster in each of the examined
territories (these are relative, dimensionless numbers). From the data in Table 3, it is
clearly possible to detect rural regions (pilot territories in Finland, Spain, and Latvia) that
have low average values. Similarly, the table shows territories with one or more local
metropolitan areas. Such areas have a high maximum attractiveness value (pilot areas in
Slovakia or Greece).

Table 3. Comparison of raster values for pilot regions.

Maximum Raster Value Average Raster Value Pilot Area

5486 262 Czechia/Bavaria
1559 38 Finland
8332 99 Greece
1868 89 Ireland
2389 62 Italy
650 23 Latvia

5428 124 Malta
7473 197 Slovakia
1143 39 Spain

The advantage of the proposed solution, besides the availability of internationally
comparable current data, is mainly the detection of different attractiveness values within
individual administrative regions. If we were to use statistical data, the administrative
regions would be homogeneous in terms of attractiveness, which means that the user would
encounter highly distorted information that would contradict reality. It is arguable that
a higher level of detail could be obtained by using administrative units of a smaller scale
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(e.g., municipalities). In this case, however, it is important to note that obtaining relevant
statistical data would be very difficult and more or less impossible on an international scale.

The results of a data-driven attractiveness assessment are not only useful for compar-
ing the attractiveness of different regions. Since the proposed procedure eliminates the
bias resulting from the use of statistical data and administrative region boundaries, the
proposed procedure is important for regional and micro-level spatial planning (Figure 6).
Since the pixel size can be set to a relatively small size in the order of tens and thousands
of meters in the Heatmap function, local maxima and minima of attractiveness can be
revealed. These locations can then serve as inspiration for further development or, in the
case of minima, as locations with a high preference for investment, public support, and
further development.
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5. Discussion
The project of data-driven attractiveness assessment in terms of innovation potential is

constantly evolving, and the choices of individual elements, weights, and surroundings are
not definitive and will be optimized, with an emphasis on user requirements and evaluation
of model reliability based on local surveys. The key objective is to offer a modern and
flexible approach to assessing the attractiveness of an area that reflects the current needs
and capabilities of data sources.

One of the biggest advantages of the proposed solution is the elimination of biases
that often arise when using traditional methods based on administrative boundaries and
statistical data (Figure 7). These solutions often fail to account for spatial heterogeneity,
which is crucial for attractiveness assessment. By using data from OpenStreetMap, more
detailed and locally relevant information can be taken into consideration in the research of
innovation potential. A relevant statistical comparison between the traditional approach
and the infrastructure assessment approach is currently not possible. This is due to the
completely different nature of the two ways of identifying innovation potential. Traditional
approaches work with aggregated data, meaning that there is a huge bias. For example,
the territories of the pilot regions of Finland and Latvia are very similar. In both cases,
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the landscape is natural, with very sparse settlements. The difference is that, in Finland,
there are a few dominant settlements with very strong innovation potential. In the case of
statistical data (specifically, the Regional Innovation Scoreboard 2023), Finland’s potential
is significantly higher than the value for Latvia. However, it is important to note that the
high value in the case of Finland only applies to a few settlements within the pilot region.
The infrastructure assessment presented in this paper yields much more objective results.
The Finnish pilot area has a higher innovation potential than the Latvian pilot area, but
the differences are not as pronounced, and, moreover, the data visualization concentrates
the innovation potential in the settlements. The comparison between the two approaches
is more reliable if the assessed area is homogeneous in terms of rural or urban character.
Examples are the pilot areas in Malta or Spain.
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Figure 7. Slovakia pilot area: the comparison innovation potential assessment for statistical data
(Regional Innovation Scoreboard; top map) and data from OpenStreetMap (lower map). Dark-
green colours indicate high potential for innovation, while light-green indicates low potential
for innovation.

Another advantage is the wide availability of up-to-date data, which adapts quickly
to changes in the area, such as new buildings, infrastructure, or changes in transport acces-
sibility. Due to its flexibility, the procedure can be applied to different spatial evaluation
metrics, for example, tourist attraction, economic potential, or quality of life. The approach
is also suitable for different target groups, be they citizens, investors, or public authori-
ties. Moreover, it can be used at different territorial levels, from local to macro-regional,
including cross-border studies, making it an ideal tool for the European context.

Despite the advantages, the use of OSM data has its risks and limitations [24–26].
One of the main challenges is the heterogeneity of the data, which can vary between
regions, depending on the activity of the local community. In some areas, data may be very
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detailed, while in others, key infrastructure or information may be missing. The solution
to this situation is clear: use high-quality commercial data or state-guaranteed datasets.
However, the existence of such data is limited, and creating and maintaining it is costly.
Another problem of OSM is missing or inaccurate metadata, for example, the absence of
information on the date of the last update or the accuracy of a particular feature. The legal
constraints associated with the ODbL license can complicate some applications, particularly
in the commercial sector. OSM may also not be accurate enough for specific applications
such as detailed infrastructure planning or technical maps. In addition, its thematic focus
is limited, requiring combination with other data sources.

The future of the data-driven attractiveness assessment project lies in a balanced
combination of data from different sources. In addition to OSM, Points of Interest data, data
from surveys or experiments, citizen science data, statistical data, and official data from
government registers should be used, which can fill in missing information and increase
overall accuracy. The key challenge will be to find an appropriate balance among these
data types to minimize the risk of bias in the results.

Exploring alternative methods represents an important direction for future research.
Geographically Weighted Regression (GWR) has the potential to reveal spatially varying
relationships between innovation potential and socio-economic factors, while Local Indi-
cators of Spatial Association (LISA) could enable statistical significance testing of spatial
clusters. Integrating these approaches in future studies could provide a deeper and more
nuanced understanding of spatial patterns and relationships, complementing the findings
derived from Kernel density estimation.

The selection of object types (pairs “key:value”) and their parameterization (weight
and surroundings neighborhood) are not final and will be further optimized in the next
steps of the research. Similarly, the possibility of modeling the influence propagation of
object types using irregular or even dynamic structures will be subject to further research.
Another important area of development is predictive modeling to estimate the impacts of
future changes on the attractiveness of an area. Examples include assessing the impact
of the construction of a new highway, industrial park, or cultural center on a particular
type of regional attractiveness. These predictions will be particularly useful at the micro
level, where they can help to optimize planning and decision making. Combining spatial
data with advanced analytical methods, including the use of AI, could bring even greater
benefits in the future and increase the usability of the project in a wide range of applications.

6. Conclusions
This paper introduced a new methodology for assessing the innovation potential of an

area using open spatial data from OpenStreetMap and geoinformation technologies. Unlike
traditional methods that rely on aggregated statistical data and administrative boundaries
as a basic spatial unit, the proposed approach allows for a more detailed and accurate
analysis by using spatially specific infrastructure data.

The main advantages of the presented approach include:

• Detailed spatial analysis: Because of dealing with infrastructure important from the
perspective of innovation potential, the proposed methodology allows identifying key
locations with high innovation potential (such as universities, research centers) and
detecting heterogeneity within regions, which is difficult with traditional methods
using aggregated statistical data.

• International replicability: The open nature of OSM data makes the methodology easily
applicable to different territories, including cross-border regions, as demonstrated in
the PoliRuralPlus pilot areas. Of course, it is necessary to be aware of the limits and
risks that arise from the use of OSM.
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• Flexibility and timeliness of data: Continuous updating of OSM data allows for rapid
response to changes in infrastructure, increasing the relevance of results. There are
possibilities for modeling historical and future development, including the creation of
alternative scenarios for the development of the area.

The results showed significant differences in innovation potential between urban and
rural areas. While capital cities and local metropolises show high attractiveness due to their
dense network of universities and research institutions, rural regions in some countries
remain less attractive, presenting an opportunity for targeted investments and development
strategies. The region of eastern Bavaria, which is both rural and has a high potential for
innovation, is special. This is due to the support of the local government, for example, in
the construction of university and college campuses in small towns or the existence of a
good network of rail and road communications.

Despite the advantages, the limitations of using OSM data need to be taken into
account, including their heterogeneity and the lack of information in less active regions.
The limitations resulting from the use of OpenStreetMap are described in the paper and
should be kept in mind, especially when interpreting the results of the evaluation. However,
at the level of the individual pilot areas, the limits of OSM have a minimal impact on the
attractiveness assessment, as these are (with the exception of the cross-border area Czech
Republic/Bavaria) small homogeneous areas, where we can assume a similar quality of
OSM data. A problem may arise when evaluating across pilot regions. But, as mentioned,
this methodology is mainly focused on smaller local areas, where it is not possible to
describe internal differences using statistical data.

Future developments will aim to integrate OSM with official data sources, commercial
datasets, VGI (Volunteered geographic information), and statistical data to improve the
accuracy and reliability of results. Next steps include optimization of the weighting
parameters, comparison with existing studies and verification field research, expansion of
the assessed area, extension of the model to include predictive analyses, and development
of a web application to allow interactive presentation of the results.

The proposed methodology represents an important step towards a more effective
assessment of the innovation potential of regions and can serve as a basis for policy making
and strategic planning at different levels.
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