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1. General introduction 

This Handbook of bibliometric and technometric indicators provides methodological guidance 
on data collection and the calculation of all indicators produced within the Quantitative Evidence 
to European Union (EU) R&I Policy project (contract number: LC-01985708, hereafter referred 
to as QE). Along with the computation method for each indicator, critical issues, comments, and 
advice for interpretation is provided, to support the responsible use of quantitative evidence 
from this project for research, innovation, and science policy at the national and European 
levels. 

The Handbook serves as a reference document, providing users of the study results with the 
necessary methods to interpret the data, accounting for known limitations in the study indicators, 
and ensuring the quality and consistency of indicators as new editions of the data are produced 
and released. 

1.1. Structure of the Handbook 

This Handbook of Indicators consists of seven sections, described below. A detailed description 
of the study’s data sources follows this introduction. The next three sections discuss the 
classification schemes and indicators used in this study (trademark and design, technometric, 
and bibliometric). For all indicators used in this project, a definition, rationale, and computation 
method (with the necessary data, data source, formulas and any calculation specifications or 
comments that may be of relevance) is provided. The Handbook is organised as follows: 

• Section 1 (this section) provides a brief overview of the aim of the Handbook, the geographic 
coverage and classification schemes. 

• Section 2 presents detailed description of the data sources used in the project and 
discussion of their limitations. 

• Section 3 describes the mapping of trademarks and community designs to the relevant 
classification schemes, as well as all the indicators used, which were presented in the QE 
study as part of WP2. 

• Section 4 details the mapping of patents to the relevant classification schemes and the 
technometric indicators presented as part of WP3. 

• Section 5 presents the mapping of research publications to the relevant classification 
schemes and the bibliometric indicators presented as part of WP4. 

• Section 6 describes the study’s data quality assurance framework. 

• Section 7, the Annex, presents the study’s country coverage and aggregation into regional 
aggregates for which indicators were computed. 

1.2. Country coverage and classifications 

1.2.1. Countries and regions 

The data were compiled for the 71 countries and several regional aggregates, as presented in 
the Annex (Section 7). 



 

11 

1.2.2. Classification schemes 

Data on scientific publications and patents were prepared for each of the following classification 
schemes. As methods used differ between patents and publications, methods are described in 
Sections 3 to 5. 

• Scientific and Technology Fields 

• Economic Sectors 

• Horizon 2020 Societal Grand Challenges 

• Key Enabling Technologies (KETs) 

• Horizon Europe Missions (HE Missions) 

• Horizon Europe Global Challenges (HE GC) 

• Emerging technologies 

• United Nations Sustainable Development Goals (SDGs) 

2.  Data sources 

Most of the QE indicators were calculated using data from the Scopus (Elsevier) and EPO-
PATSTAT databases. Bibliometric data were enriched with additional data linked to Scopus 
records (often via their DOIs). This data came from the following sources: 

• PlumX, a database that tracks mentions and references to scientific publications on social 
media, news outlets, and other online platforms 

• Overton, a database used to identify citations of scientific publications in policy-related 
documents 

• Unpaywall, used to identify publications available in open access 

• Namsor, used to infer a binary gender for authors. 

These data sources are described in more detail below.  

EUROSTAT was also used in the annual QE analytical reports to contextualise scientometric 
and technometric indicators based on country gross domestic expenditure on R&D (GERD). 
These data can be accessed through the Education and Training Statistics database on the 
Eurostat website (http://ec.europa.eu/eurostat/web/education-and-training/overview). These 
statistics are publicly available, regularly updated and accompanied by extensive 
methodological notes. 

2.1. EUIPO tradermark and design database 

Data for trademarks as well as designs (RCDs) filed at the EUIPO originate from flat files that 
are provided directly from the EUIPO. The data are available for all trademarks and registered 
community designs filed at the EUIPO from all countries worldwide dating back to 1996. The 
data are updated once a year, usually in early spring. The EUIPO trademark/design data cover 
bibliographic information (owner, owner country, date of filing etc.) and a subject area, classified 
in a limited number of distinct classes (45 classes are used in the NICE classification for 
trademarks). Fraunhofer ISI has developed a methodology for the geocoding and 
regionalisation of trademarks filed at the EUIPO based on the geocoding algorithm developed 
in the open-source project Pelias. Pelias uses several open-source geographic datasets (Who’s 

https://pelias.io/
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on First, OpenAddresses, OpenStreetMap and Geonames) to regionalise data based on 
address information (longitude and latitude). These locations are assigned to their 
corresponding regional zone, which then allows analyses at the NUTS 3 level for all EU 27 
Member States. 

2.1.1. Limitations 

Due to GDPR regulations, some of the data provided by the EUIPO are anonymised, especially 
for filings from single persons. This means that for those filings, no country and address data 
are available. In addition, filings forwarded to the EUIPO through the Madrid Protocol also 
contain no further information on filing countries or addresses. This implies that the statistics 
based on the EUIPO flat files show lower trademark numbers (per country and year) than the 
statistics provided by the EUIPO itself. Although the time and country-trends are similar, this 
must be kept in mind when interpreting the results. 

2.2. USPTO trademark database 

Data for trademarks filed at the USPTO originate from flat files that are provided directly from 
the USPTO. The data are available for all trademarks filed at the USPTO from all countries 
worldwide dating back to the early 19th century. The data are updated once the USPTO 
publishes new flat files. The USPTO trademark data cover bibliographic information (owner, 
owner country, date of filing, etc.) and a subject area, classified in a limited number of distinct 
classes (45 classes are used in the NICE classification for trademarks). 

2.2.1. Limitations 

The data for the USPTO are only available at the country level. As for filings forwarded to the 
USPTO through the Madrid Protocol, the same data limitations as for the EUIPO apply. 

2.3. PATSTAT 

For the collection of patent data, the EPO Worldwide Patent Statistical Database (PATSTAT) 
was used. It covers about 100 million patent records from over 90 patent issuing authorities 
worldwide, including the United States Patent and Trademark Office, European Patent Office, 
World Intellectual Property Organisation, and Japan Patent Office. This database has been 
formatted especially for statistical work and is widely used to measure patent activity at the 
global level. The database has been enriched, especially for EPO patents, to provide additional 
value (e.g. NUTS regions, cleaning of economic sectors of assignees).  

The PATSTAT database is updated twice a year, with editions coming out in spring and autumn. 
The autumn edition was used to produce the data for each yearly edition covered by this study. 
Due to its nature as a relational database, PATSTAT offers unique analytical potential. It 
includes all information that is stated on a patent application, i.e. application authorities (patent 
offices), several patent relevant dates (priority, filing, publication date), the kind of an application 
(patent, utility model, etc.), inventor and applicant addresses, patent families (INPADOC and 
DOCDB), patent classifications (IPC and CPC/ECLA), title and abstract of a patent filing, 
technical relations and continuations, citations to patents and to non-patent literature.  

Fraunhofer ISI has enriched its version of PATSTAT with additional data and information. First, 
a number of classifications are included, among them the WIPO classification as well as the 
classifications of Societal Grand Challenges and Key Enabling Technologies that were 
generated in earlier projects for the European Commission (further classifications, e.g. on 
emerging technologies, have been created within the course of this project). Second, PATSTAT 
includes information on the legal status of all patent applications (grants, withdrawals, refusals, 
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maintenance) from the Patent Register Service. Third, Fraunhofer ISI has integrated the OECD 
REGPAT database, which contains information on the regions (at NUTS levels).  

2.3.1. Limitations 

The most notable limitation associated with the PATSTAT database is the inconsistency in data 
availability across patent offices. While the data for the EPO and the USPTO are quite 
comprehensive and of high quality (e.g. correct country codes of inventors), the same is not true 
for several other patent offices. Citation data is only meaningful for EPO and USPTO data, not 
for PCT filings in general (only depending on the receiving office). However, citations at the EPO 
and at the USPTO should not be mixed as the two patent systems have very different citation 
regimes. 

2.4. Scopus 

Scopus is a comprehensive, multidisciplinary database that covers most fields of academic 
research. While no database encompasses the entirety of the scientific literature published 
worldwide—and the exact number of peer-reviewed papers is not precisely known—the 
documents indexed in Scopus represent a very large, non-random sample of this population. 
As of September 2025, Scopus indexes over 100 million records, with content updated daily. It 
includes more than 30 000 active serial titles from over 7 000 publishers worldwide. The 
database covers journal articles, reviews, conference proceedings, preprints, and books from a 
variety of source types, providing a comprehensive overview of global research output across 
176 subfields. 

Science-Metrix maintains an in-house version of the Scopus database, carefully curated for 
large-scale comparative bibliometric analyses. With extensive experience conducting numerous 
projects using Scopus, the Science-Metrix team possesses in-depth knowledge of the 
database’s strengths and limitations. 

It is important to note that not all fields disseminate research results primarily through peer-
reviewed journal articles. In most applied sciences, such as engineering, computer science, 
energy research, materials science, and optoelectronics & photonics, conference papers are 
the dominant form of communication. Excluding conference papers would disproportionately 
emphasise other types of publications, particularly biomedical journal articles, which are well 
covered in Scopus. This exclusion would favour countries specialising in biomedical research 
while underestimating the output of those in applied sciences, resulting in a distorted view of 
scientific activity. Scopus mitigates this by providing robust coverage of conference 
proceedings, indexing more than 12.9 million conference papers, in addition to the large number 
of indexed journals. This offers a more balanced representation of scientific fields than 
alternative databases, enabling more reliable comparisons of research output across countries 
with different specialisations. This makes it possible, for example, to compare countries that are 
highly active in applied sciences but less so in biomedical research (e.g. China, Iran, Malaysia) 
with countries where journal-centric domains like life sciences predominate (e.g. the United 
Kingdom, the United States, Sweden). 

Given its extensive coverage, including conference papers, Scopus is a sensible choice for this 
study, offering a well-balanced representation of countries and disciplines. Scopus is also well 
suited for producing indicators on researcher mobility and gender representation, with the 
highest availability (over 20.5 million) of high-quality author profiles, including full names and 
historical affiliation information.1  In addition, Scopus provides strong coverage of open access 

 

1 Campbell, D., & Struck, B. (2019). Reliability of Scopus author identifiers (AUIDs) for research evaluation 

purposes at different scales. 17th International Conference of the International Society for Scientometrics 
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journals, including many emerging titles, while the vetting process of its Content Selection and 
Advisory Board excludes most predatory journals – those that lack scholarly integrity and 
rigorous peer review and present false or misleading information, and often mislead authors.2  
Elsevier also offers a wealth of additional data, such as usage and social media metrics, through 
the integration of PlumX metrics with Scopus data. This enables powerful analyses of altmetric 
data, providing new insights for measuring research and innovation. 

For this project, the peer-reviewed documents included in the bibliometric indicators will 
primarily consist of journal articles, reviews, and conference papers. These are collectively 
referred to as ‘papers’ or ‘publications’ throughout this document. 

2.4.1. Limitations 

Several limitations should be noted in the context of bibliometrics applied to the social sciences 
and humanities (SSH). First, compared to the natural sciences and engineering (NSE) and the 
health sciences (HS), the disciplines of SSH produce a greater proportion of scientific 
publications that are books rather than journal articles. This phenomenon is even more 
pronounced in the humanities, such that research in these areas would best be examined using 
instruments that, compared to traditional bibliometrics, also consider publications in – or as – 
books. When counting publications using citation databases (e.g. Scopus) as in this study, a 
greater portion of the scientific output is omitted in the SSH compared to NSE and HS. Indeed, 
journals of local interest, books, and various publications that are generally referred to as ‘grey 
literature’ (such as in-house research reports), as well as most conferences and symposium 
proceedings, are not indexed in these databases. As a result, the size of the scientific output 
of an entity in the SSH should not be compared to the size of its production in other 
areas. 

Another aspect requiring consideration when performing bibliometric analyses of the SSH is the 
more local orientation of SSH research. Whereas the research questions identified in the NSE 
tend to be universal, SSH research subjects are often more local in orientation/focus and, as a 
result, the target readership is more often limited to a country or region. Consequently, SSH 
scholars publish somewhat more frequently in a language other than English – and in journals 
with a national distribution rather than international distribution – than do NSE researchers. 
Because the major citation databases (e.g. the WoS, Scopus) that are suitable to perform 
analysis of scientific impact are somewhat biased in favour of scientific literature authored in 
English, the uninformed or careless use of bibliometrics to benchmark SSH research can lead 
to erroneous conclusions. The application of traditional bibliometrics to the SSH is problematic 
in the context of lateral comparisons (e.g. Poland versus Spain) when the groups being 
compared differ in their mother tongue and/or geographical location. Thus, the lateral 
comparisons performed in the SSH should be interpreted cautiously. 

2.5. PlumX 

This database records the uptake of journal-based scientific outputs beyond the scientific 
literature in social media, blogs, news, and educational resources. These data, because they 
track usage beyond academic circles as traditionally captured in bibliometric indicators, are 
often referred to as alternative data (or altmetrics). As an example, the database’s coverage 
includes platforms such as social media, journalistic and news websites, and Wikipedia.  

 

and Informetrics (ISSI), 2–5 September 2019, Proceedings Vol. II, 1276–1287. http://issi-
society.org/publications/issi-conference-proceedings/proceedings-of-issi-2019/ 

2 https://assets.ctfassets.net/o78em1y1w4i4/0YRjpJFDd7tAgy2QJIvHp/6fcb46ad8c12859738d084ed1c190bb4/

2024_A_G_Scopus_Fact_Sheet__-_March_2025_v2.0.pdf 
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Science-Metrix has access to PlumX data and can characterise its content and assess its 
suitability for large-scale bibliometric analyses.  

PlumX metrics cover dozens of types of items, which come from a variety of sources, and 
information is also provided to inform where a work is published, shared, or referenced. PlumX 
metrics are grouped under five main categories. 

• Usage indicates who is reading the articles or otherwise using the research. This includes 
abstract or full text views (e.g. SSRN), downloads, library holdings (e.g. WorldCat), and video 
plays.  

• Captures signal that someone wants to come back to the work (e.g. bookmarks, code forks, 
favourites, readers, watchers). 

• Mentions are activities such as news articles or blog posts about research (e.g. blog posts, 
comments, reviews, Wikipedia links, news media). 

• Social media interactions that reference the research (e.g. ‘+1s’, likes, shares). 

• Citations encompass both traditional citation indexes such as Scopus as well as citations 
that help indicate societal impact such as clinical or policy citations (e.g. citation indexes, 
patent citations, clinical citations, policy citations). 

2.5.1. Limitations 

PlumX is a widely used altmetrics platform that aggregates and visualises various indicators of 
research impact beyond traditional citations, such as social media mentions, downloads, and 
media coverage. While PlumX offers valuable insights, several documented limitations have 
been identified in the literature and by users.3-4 Key limitations include:5 

• Source selection bias: PlumX relies on a defined set of data sources (e.g. Facebook, 
Mendeley, news outlets, policy documents). Not all platforms or types of engagement are 
covered, which means that some important dimensions of impact, particularly those outside 
the scientific community, may be missed. 

• Disciplinary variation in altmetric signal: The relevance and coverage of specific altmetric 
indicators can vary significantly across disciplines. For example, uptake in clinical guidelines 
is mainly relevant to the health sciences, while policy document citations are more common 
in the social sciences. These differences can introduce bias, favouring entities with strong 
specialisation in certain areas. To mitigate these effects, altmetric indicators in this study 
were normalised by year, subfield, and document type, as is done with traditional citation 
impact indicators. Note that the normalisation method differs given these are rare events.6 

• Geographical bias: Some PlumX data sources are skewed towards English-language and 
Western media/social platforms, which can result in the underrepresentation of research 
impact in other regions. 

 

3 Sugimoto, C. R., Work, S., Larivière, V., & Haustein, S. (2017). Scholarly use of social media and altmetrics: A 

review of the literature. Journal of the Association for Information Science and Technology, 68(9), 2037–
2062. https://doi.org/10.1002/asi.23833 

4 Ortega, J. L. (2018). Reliability and accuracy of altmetric providers: a comparison among Altmetric.com, PlumX 

and Crossref Event Data. Scientometrics, 116(3), 2123–2138. https://doi.org/10.1007/S11192-018-2838-
Z/METRICS 

5 Some limitations of PlumX are not discussed here, as they are not relevant to the selection of indicators 

constructed from its data. 
6 Pinheiro, H., & Campbell, D. (2023). Normalization of rare citation events in the context of uptake of research in 

the non-scientific literature. Proceedings of the 27th International Conference on Science, Technology and 
Innovation Indicators. https://dapp.orvium.io/deposits/64b5a25230daf58ded277423/view 
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• Duplication: PlumX may count duplicate events, which can lead to inflated or misleading 
metrics. However, since all altmetric events captured in this study are rare, we chose to treat 
them as binary (i.e. presence/absence) events. This approach also minimises the impact of 
potential duplication.7 

• Gaming the metrics: As with traditional citation metrics, altmetrics are susceptible to 
manipulation (e.g. through coordinated social media campaigns), which raises concerns for 
responsible research assessment. 

It should be noted that these limitations are not unique to PlumX, but are common to all altmetric 
data sources and aggregators. 

2.6. Overton 

Overton is a novel database recording references to peer-reviewed publications in policy-related 
documents such as archived documents by national parliaments around the world, by inter-
organisational agencies such as the United Nations and by a variety of think tanks. This 
database was used in the previous iteration of this study to provide altmetrics related to citations 
to scientific articles in policy documents. In that previous study, numerous citation peaks for 
uptake in policy-related documents were observed between years 2 and 3 after publication for 
FP-funded publications (Figure 1). Overton thus shows potential for informing programme 
evaluation, or decision-making more broadly, in a timely manner. Furthermore, at least one 
policy-related citation was found for as many as 6 % of publications from FP7/H2020 projects 
(data not shown). A qualitative evaluation of Overton citations found only a few false positives 
and also often found clear and convincing motivations behind policy citation acts. 

  

 

Figure 1. Policy uptake of FP7- and H2020-funded papers by number of year(s) after publication, 2008–2011. 
Source: Produced by Science-Metrix using Scopus (Elsevier) and Overton data. 

 

7 Ibid 
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Elsevier owns a licence to the Overton database and receives monthly updates of the data that 
are then incorporated into Elsevier products, including Scopus. Science-Metrix performs field 
normalisation to control for difference in policy citations across disciplines. 

2.6.1. Limitations 

Limitations associated with the Overton data include regional bias, as demonstrated by its bias 
favouring the UK, for instance, when measuring metrics for European countries (demonstrated 
in the final study report of the predecessor study),8 and strong variations across disciplines. 
Note that the impacts of such variations are mitigated through normalisation as introduced in 
Section 5.12. Nevertheless, the wealth of knowledge than can be extracted from analyses based 
on Overton data cannot be overstated, as it represents the most comprehensive data source 
available for policy citations. 

Additionally, Overton indexes reference to scientific publications by searching for their DOIs in 
policy-related documents. Consequently, publications without DOIs, common in some fields and 
regions, are not covered. This can lead to underestimation of policy-related uptake rates in these 
categories. In this study, this limitation is mitigated by excluding documents missing a DOI from 
the denominator. 

2.7. Unpaywall 

Unpaywall is a database of free scholarly articles. It uses DOI to check if there are freely 
accessible version(s) of these articles available and if so, of what type. Unpaywall covers more 
than 53 million documents as of August 2025, from some 70 000 journals that have a DOI for 
which the OA status is available. There are four types of OA: 

• Gold OA: Article on the publisher platform with an open licence available and published in a 
full OA journal. 

• Hybrid OA: Article on the publisher platform with an open licence available. These articles 
are published in journals which provide authors the choice of publishing open access. 

• Bronze OA: Article freely available on the publisher platform for which no open licence is 
confirmed. There may be a delay between publication and availability to read. The free 
access can be temporarily or permanent. 

• Green OA: Published version or accepted manuscript available in an OA archive. These 
repositories may be discipline-specific (like ArXiv) or institutional repositories operated by 
universities or other institutions. Green articles can have any licence or no licence. 

Articles can only have one of the publisher version OA statuses (gold/hybrid/bronze). Besides 
the publisher version OA status, articles may also have a green OA version. Within the context 
of this classification, the best OA location is gold, followed by Hybrid, Bronze and Green. 
Elsevier licenses Unpaywall. Documents in Unpaywall are matched to the Scopus database via 
DOI and where there is a positive match the OA information is captured. The Unpaywall OA 
information consists of: 

• OA status 

• OA type 

 

8 European Commission: Directorate-General for Research and Innovation, PPMI and Science-Metrix, Provision 

and analysis of key indicators in R&I – Final study report covering work packages 1-6, Publications Office of 
the European Union, 2021, https://data.europa.eu/doi/10.2777/587466 

https://data.europa.eu/doi/10.2777/587466
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• Licence  

• OA location(s) 

• Best OA location. 

2.7.1. Limitations 

Unpaywall’s key limitations include:9-10 -  

• Repository coverage: Unpaywall relies on harvesting OA content from repositories and 
publisher sites. If a repository is not indexed or a publisher does not provide metadata, OA 
versions may be missed. 

• Regional repository gaps: Some regional or national repositories may not be indexed, 
leading to incomplete OA coverage for research from those areas. 

• DOI dependence: Unpaywall’s system is built around DOIs. Consequently, documents 
without DOIs, common in some fields and regions, are not covered. This can lead to 
underestimation of OA publication rates in these categories. In this study, this limitation is 
mitigated by excluding documents missing a DOI from the denominator. However, OA 
publication rates for fields and regions with a large share of documents lacking DOIs may 
still be inaccurate, potentially resulting in either over- or underrepresentation of OA 
publications. 

2.8. Namsor 

NamSor API is a solution developed by NamSor™. NamSor is a European designer of name 
recognition software committed to promoting diversity and equal opportunity. NamSor was 
selected because it offers global coverage and a very high degree of accuracy and recall, relying 
on natural language processing, a large training set, and by considering the cultural origin and 
ethnicity of the name in making a gender inference. Science-Metrix has direct access to NamSor 
data, because Elsevier has acquired a licence to use the API to infer gender based on name 
information for all authors appearing on publications in the database. Since these data are 
GDPR sensitive, they are hosted on a separate environment in our AWS S3 storage, with 
access limited through a private Databricks cluster accessible only by a small selection of 
analysts in the team.  

As of June 2025, and since its launch in February 2014, NamSor API had processed over 10.9 
billion names, covering an estimate of 99.99 % of all existing names.11 

2.8.1. Approach to inferring gender 

Using the Namsor API, a gender is attributed to all new combinations of first and last names 
retrieved from the publications’ authors.  

For each combination of first name and last name, the API returns a score between 0 and 1. A 
score of 1 indicates that the gender is inferred with a certainty of 100 %. Scores closer to 0 

 

9 Piwowar, H., Priem, J., Larivière, V., Alperin, J. P., Matthias, L., Norlander, B., Farley, A., West, J., & Haustein, 

S. (2018). The state of OA: a large-scale analysis of the prevalence and impact of Open Access articles. 
PeerJ, 6, e4375. https://doi.org/10.7717/peerj.4375 

10 Robinson-Garcia, N., Costas, R., & van Leeuwen, T. N. (2020). Open Access uptake by universities worldwide. 

PeerJ, 2020(7), e9410. https://doi.org/10.7717/PEERJ.9410/SUPP-1 
11 https://namsor.app/  

https://namsor.app/
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denote that the gender cannot be inferred at all. The Science-Metrix approach, after testing data 
for multiple projects, is to assign an inferred gender to a name only when scores are above 0.85, 
ensuring high precision of the assignment and striking a balance between recall and precision. 

2.8.2. Limitations 

It is more difficult to assign a binary gender to Asian names – and some countries employ given 
names that are considered family names in other countries. NamSor claims to cover all 
languages, alphabets, countries and regions. In addition to using the data mining approaches 
that are behind most of the solutions available (e.g. using national lists of baby names), NamSor 
works with linguists, anthropologists and historians to increase their products’ accuracy in 
various cultural contexts. They also develop solutions to infer the origin or ethnicity of individuals 
based on their names, and these a reinforce the quality of gender estimation. Because a 
surname may change depending on gender in some cultures, the API automatically recognises 
if gender can be inferred from the first name (e.g. Carl) or the last name (e.g. Sololova). Finally, 
the API is quite tolerant of typographic errors and multiple names, a feature that is very handy 
given the significant number of input errors in the publication databases. aNamSor has 
implemented a rigorous protocol to assess the quality of the tool, demonstrating that it can 
achieve a high recall (i.e. there are very few unknowns) and accuracy (i.e. there are very few 
false positives) in the United States, Canada, Mexico, Russia, Japan and most European 
countries. Their validation procedure relies on the use of directories listing names along with 
their geographic location (i.e. country) and specified gender of titles (Mr for men and Ms for 
women). Using the known gender of individuals, they validate whether their algorithm attributes 
the correct gender. Table 1 presents the results of our assessment of the quality of the 
assignment process, using employee names from a European Union directory. Because the 
goal of this assessment was to evaluate the robustness of the API to provide the correct gender 
for a given pair of first name and last name, only the employees for which the API was able to 
provide a gender were kept for the analysis (both for the estimations and the calculation of the 
‘real’ values). The API caused very few errors in inference of gender. Although some women 
were erroneously coded as men (79 errors, 1.5 % of women) and some men were coded as 
women (102 errors, 2.5 % of men), these errors almost balanced themselves out. This resulted 
in a very good estimation of the distribution of women (35.3 % compared to 35.1 %) and men 
(64.7 % compared to 64.9 %). 

Table 1. Validation of NamSor API using data from the Official Directory of the European Union. 

 

Source: Produced by Science-Metrix using Scopus (Elsevier) and Namsor data 

These results provide a high level of confidence for the API, at least in a European context. 
Although the directory used in this validation exercise included employees from various cultural 
backgrounds, they were mostly European. The list included very few names of Asian origin; 
however, these names were the most ambiguous. It was therefore necessary to test the 
robustness of the API in inferring gender on a dataset with a more balanced geographical 
distribution, or at least a dataset more closely aligned with what is found in the databases of 
scientific publications. The most extensive and balanced dataset found was the list of Olympic 
medallists from 1896 to 2008. It offers a good international representation, and because the 
country of the athlete is recorded, it can support an assessment of the accuracy and recall for 

Women Men

Gender (real) Women Men TOTAL Real 35.1% 64.9%

Women 3,552 79 3,631 Estimate 35.3% 64.7%

Men 102 6,618 6,720 Recall 97.8% 98.5%

Total 3,654 6,697 10,351 Precision 97.2% 98.8%

Improved estimate 34.9% 65.1%

Gender (estimate)
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various countries. Table 2 presents the results of the estimation for all medallists, and for the 
United States and China. Overall, the estimation was very close to the real values. The 
estimation based on NamSor data was that 32.3 % of medallists on the list were women, 
whereas the figure is in fact 31.4 %. NamSor was unable to assign a name for only 5 % (786) 
of the medallists.  

The estimation for US medallists was also good, with a first estimation of the proportion of 
women at 37.4 % when it is in fact 37.9 %. When examining the estimation for Chinese athletes, 
however, the difficulty in inferring the gender of Chinese names was confirmed. In fact, the tool 
could provide a gender for less than 17 % of the names. When examining the few cases for 
which the tool could assign a gender, the precision and recall were low, which results in a 
significant underestimation of the proportion of women (real = 62.2 %, estimate = 51.2 %). For 
Asian countries with non-Latin alphabets, therefore, utmost care must be taken in interpreting 
the scores. 

Table 2. Validation of NamSor API using data from Olympic medallists (1960-2008). 

 

Source: Compiled by Science-Metrix using NamSor and a list of Olympic medallists from 
www.theguardian.com/sport/datablog/2012/jun/25/olympic-medal-winner-list-data.  

3. Trademark and community designs indicators 

The previous section described the databases used to produce the indicators, along with their 
main limitations and, when applicable, strategies employed to mitigate these limitations. The 
following sections describe the classification schemes as well as the methodologies for their 
design. In addition, a full description of each trademark and design related indicator is provided. 

3.1. Classification schemes 

For trademarks and designs, data for two classification schemes are provided with the methods 
used summarised in Table 3. Trademarks are provided by the NICE classification, which is the 
official classification for trademarks, covering 45 classes. Design data are provided by the 
Locarno classification, the official classification for designs, covering 32 classes. Methods are 
further described below. 

All countries United States China

Gender

(real)
W M TOTAL

Gender

(real)
W M TOTAL

Gender

(real)
W M TOTAL

W 4,045 135 4,180 W 632 27 659 W 31 20 51

M 251 8,871 9,122 M 18 1,062 1,080 M 11 20 31

Total 4,296 9,006 13,302 Total 650 1,089 1,739 Total 42 40 82

W M W M W M

Real 31.4% 68.6% Real 37.9% 62.1% Real 62.2% 37.8%

Estimate 32.3% 67.7% Estimate 37.4% 62.6% Estimate 51.2% 48.8%

Recall 96.8% 97.2% Recall 95.9% 98.3% Recall 60.8% 64.5%

Precision 94.2% 98.5% Precision 97.2% 97.5% Precision 73.8% 50.0%

Improved 

estimate
31.9% 68.1%

Improved 

estimate
36.4% 63.6%

Improved 

estimate
60.9% 39.1%

Gender (estimate) Gender (estimate) Gender (estimate)

http://www.theguardian.com/sport/datablog/2012/jun/25/olympic-medal-winner-list-data


 

21 

Table 3. Summary of methods used to prepare the different aggregation levels for the patent indicators. 

3.1.1. The Nice classification 

The Nice classification was established by the Nice Agreement in 1957. It is an international 
classification of goods and services applied for the registration of trademarks. A new edition is 
published every five years. Since 2013, a new edition is published annually. Table 4 briefly 
summarises the classification scheme. 

Table 4. The fields of the Nice classification. 

Classification scheme Methods used Additional information 

Nice classification Classification available 
directly in the 
EUIPO/USPTO data 

Classes are provided by 
the applicant and are 
directly available in the 
EUIPO/USPTO databases 

Locarno classification Classification available 
directly in the EUIPO data 

Classes are provided by 
the applicant and are 
directly available in the 
EUIPO databases 

Field Number Field 

1 Chemicals used in industry 

2 Paints, varnishes, lacquers; colourants 

3 Bleaching preparations; cleaning, polishing, 
scouring; cosmetics 

4 Industrial oils and greases 

5 Pharmaceutical and veterinary preparations; 
fungicides, herbicides 

6 Common metals and their alloys 

7 Machines and machine tools; motors and 
engines (except for land vehicles) 

8 Hand tools and implements (hand-operated) 
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Field Number Field 

9 Apparatus and instruments 

10 Surgical, medical, dental and veterinary 
apparatus and instruments 

11 Apparatus for lighting, heating, steam 
generating, cooking, refrigerating, ... 

12 Vehicles; apparatus for locomotion by land, 
air or water 

13 Firearms; ammunition and projectiles; 
explosives; fireworks 

14 Precious metals and their alloys 

15 Musical instruments 

16 Paper; printed matter; bookbinding material; 
photographs; artists’ materials 

17 Rubber; plastics 

18 Leather and imitations of leather 

19 Building materials (non-metallic) 

20 Furniture, mirrors, picture frames; goods of 
wood, cork, … 

21 Household or kitchen utensils and 
containers; glassware 

22 Ropes, string, nets, tents, awnings, 
tarpaulins, sails, sacks and bags; … 

23 Yarns and threads, for textile use 

24 Textiles and textile goods 
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Field Number Field 

25 Clothing, footwear, headgear 

26 Lace and embroidery 

27 Carpets, rugs, mats and matting 

28 Games and playthings 

29 Meat, fish, poultry and game 

30 Food 

31 Grains and agricultural, horticultural and 
forestry products not included in other 
classes 

32 Beers; mineral and aerated waters and other 
non-alcoholic beverages 

33 Alcoholic beverages (except beers) 

34 Tobacco; smokers’ articles; matches 

35 Advertising; business management; business 
administration; office functions 

36 Insurance; financial affairs; monetary affairs; 
real estate affairs 

37 Building construction; repair; installation 
services 

38 Telecommunications 

39 Transport; packaging and storage of goods; 
travel arrangement 

40 Treatment of materials 
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3.1.2. The Locarno classification 

The Locarno classification was established by the Locarno Agreement in 1968. It is an 
international classification used for the registration of industrial designs. Table 5 summarises 
this classification. 

Table 5. The fields of the Locarno classification. 

Field Number Field 

41 Education; providing of training; 
entertainment; sporting and cultural activities 

42 Scientific and technological services; design 
and development of computer hard- and 
software 

43 Services for providing food and drink; 
temporary accommodation 

44 Medical & veterinary services 

45 Legal services 

Field Number Field 

1 Foodstuffs 

2 Articles of clothing and haberdashery 

3 Travel goods, cases, parasols and personal 
belongings, not elsewhere specified 

4 Brushware 

5 Textile piecegoods, artificial and natural 
sheet material 

6 Furnishing 

7 Household goods, not elsewhere specified 
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Field Number Field 

8 Tools and hardware 

9 Packages and containers for the transport or 
handling of goods 

10 Clocks and watches and other measuring 
instruments, checking and signalling 
instruments 

11 Articles of adornment 

12 Means of transport or hoisting 

13 Equipment for production, distribution or 
transformation of electricity 

14 Recording, communication or information 
retrieval equipment 

15 Machines, not elsewhere specified 

16 Photographic, cinematographic and optical 
apparatus 

17 Musical instruments 

18 Printing and office machinery 

19 Stationery and office equipment, artists’ and 
teaching materials 

20  Sales and advertising equipment, signs 

21  Games, toys, tents and sports goods 

22  Arms, pyrotechnic articles, articles for 
hunting, fishing and pest killing 
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3.2. Data standardisation 

3.2.1. Countries 

Country information is provided by the EUIPO in the flatfiles they supply. However, it’s important 
to note that for certain trademarks—such as those transferred via the Madrid Protocol, 
unpublished filings, and filings where data is GDPR-protected and masked in the official 
dataset—only the application number is available. Unlike trademarks filed directly with the 
EUIPO that are not subject to these restrictions, these records lack detailed country information 
and therefore cannot be included in country-level analyses. 

3.2.2. Regionalisation of data at NUTS level 

Address coding at the NUTS 3 level is based on the 2021 version of the Eurostat Nomenclature 
of Territorial Units for Statistics. While trademark and design data are typically available only at 
the country level, for legal entities (not physical persons), the EUIPO trademark database 

Field Number Field 

23 Fluid distribution equipment, sanitary, 
heating, ventilation and air-conditioning 
equipment, solid fuel 

24 Medical and laboratory equipment 

25 Building units and construction elements 

26 Lighting apparatus 

27 Tobacco and smokers’ supplies 

28 Pharmaceutical and cosmetic products, toilet 
articles and apparatus 

29 Devices and equipment against fire hazards, 
for accident prevention and for rescue 

30 Articles for the care and handling of animals 

31 Machines and appliances for preparing food 
or drink, not elsewhere specified 

32 Graphic symbols and logos, surface patterns, 
ornamentation 
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provides detailed address information for applicants. This detailed data enables us to geocode 
trademark filings and assign them to NUTS regions, allowing for regional analyses of trademark 
activity. 

We applied a geocoding algorithm developed in the open-source project Pelias for the 
geocoding. Pelias is a modular geocoder built on top of the search engine Elasticsearch. It uses 
several open-source geographic datasets (Who’s on First, OpenAddresses, OpenStreetMap 
and Geonames). Addresses are parsed and normalised with libpostal, which uses statistical 
NLP and open data. Elasticsearch then converts the normalised address into a 
longitude/latitude location. In a final step, these locations are assigned to their corresponding 
regional zone, which then allows analyses at the NUTS 3 level. 

3.3. Conventions applied 

3.3.1. Counting method 

For trademarks and designs, we use the full counting method, i.e each trademark/design is 
counted once for each country/region (for more details on the counting method, please refer to 
Section 5.4). 

3.4. Trademark output indicators 

Definition 

These indicators measure the quantity of trademarks produced by a region/country. The 
indicators are the total number of trademark applications at the EUIPO and the USPTO, the 
total number of trademark registrations at the EUIPO and the USPTO, the number of trademark 
applications at the EUIPO and USPTO per million GDP and the number of trademark 
registrations at the EUIPO and USPTO per million GDP. 12 

Rationale and insights for decision-making 

Technological productivity in the service sector: trademarks provide insights on service sector 
innovation, i.e. they serve as a complementary indicator to patents, which are focused on 
technical inventions. 

Technological competitiveness and ranking: trademark output can be used to assess the 
technological performance of countries or fields within the service sector. 

Source of data 

• Trademark applications and registrations: EUIPO and USPTO flat files 

• GDP: World Bank, https://data.worldbank.org/, GDP (constant 2015 US$), based on 
National Accounts data files, Organisation for Economic Co-operation and Development 
(OECD) 

Comments/Critical issues 

Focusing solely on the number of trademarks can incentivise quantity over quality. Since 
citations or similar indicators are not available for trademarks, however, their quality cannot be 
assessed. 

 

12  A trademark application is the formal request to file a trademark at the given trademark office. A trademark 

is registered once the office approves the trademark filing and states that the formal criteria for achieving a 
trademark have been met. Also, upon registration, a fee must be paid to the trademark office. A certain share 
of trademarks will not be registered due to formal criteria (i.e. rejected by the office) or because they have 
been withdrawn by the applicant before registration. 

https://data.worldbank.org/
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3.4.1. Total number of trademark applications and trademark 
registrations at the EUIPO and the USPTO 

A trademark count based on full counting indicates which regions/countries are involved in the 
production of a trademarks. 

Trademark applications are counted once for each applicant region/country listed on a 
trademark. 

In contrast to trademark applications, trademark registrations are trademarks that have been 
registered at the EUIPO and for which a fee at the office has been paid. A certain share of 
trademarks will not be registered due to formal criteria (i.e. rejected by the office) or because 
they have been withdrawn by the applicant before registration. Other than filtering for registered 
trademarks, the computation method remains unchanged when counting registered trademarks 
as opposed to all trademark applications. 

Trademark applications and trademark registrations at the EUIPO and the USPTO are counted 
separately. Trademarks are also available differentiated by NICE classes.  

Computation method 

Using the full counting method, each region/country represented by each applicant listed on a 
trademark is counted once. For example, if a trademark is co-invented by two applicants 
affiliated with the United Kingdom, one with Spain and one with the United States, that mark is 
counted once for the United Kingdom, once for Spain and once for the United States (and once 
for the world, if all marks worldwide are counted). 

3.4.2. Total number of trademark applications/registrations at the 
EUIPO/USPTO per million GDP 

This indicator normalises the number trademark applications/registrations at the EUIPO/USPTO 
by million GDP to adjust for size effects that occur when purely counting the number of 
trademarks per region/country. 

Computation method 

The indicator is calculated as follows: 

𝑇𝑀_𝐺𝐷𝑃 =  TMic 𝐺𝐷𝑃ic⁄  

Where, 

i refers to the year; 

c refers to the country; 

TM denotes the number of trademark applications/registrations at the EUIPO/USPTO, 
respectively, per country and year; 

GDP denotes the GDP in millions (constant 2015 US$) per region/country and year. 

3.5. Design outiput indicators 

Definition 

This refers to indicators that measure the quantity of design rights produced by a region/country. 
The indicator calculated is the total number of applications for design rights at the EUIPO. 

Rationale and insights for decision-making 

This indicator provides a measure of productivity in terms of design rights.  
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Source of data 

EUIPO  

3.5.1. Total number of designs at the EUIPO 

A design count based on full counting indicates which regions/countries are involved in the 
production of a design. The designs are counted once per inventor/applicant region/country 
listed on a design application. For this indicator, only designs at the European Union Intellectual 
Property Office (EUIPO) are counted. The designs are also available differentiated by Locarno 
classes. 

Computation method 

Using the full counting method, each region/country represented by each inventor listed on a 
design is counted once. For example, if a design is co-invented by two applicants affiliated with 
the United Kingdom, one with Spain and one with the United States, that design is counted once 
for the United Kingdom, once for Spain and once for the United States (and once for the world, 
if all patents worldwide are counted). 

4. Technometric indicators 

The databases used to produce these indicators, along with their main limitations and mitigation 
strategies, where applicable, are described in Section 2. This section presents the classification 
schemes as well as the methodologies for their design. In addition, a full description of each 
patent-related indicator is provided. 

4.1. Classification schemes 

Several classification schemes for patents were used in the QE study. Some of these were 
specifically designed for the study, while others are commonly used by the scientific community 
and statisticians, such as the WIPO35 classification, as well as its aggregate, the WIPO5. Table 
6 briefly summarises methods used to create the classification schemes. The methods are 
further described below. 

Table 6. Summary of methods used to prepare the different aggregation levels for the patent indicators. 

Classification scheme Methods used Additional information 

WIPO35 IPC correspondence 
tables 

Published by the WIPO 

WIPO5 IPC correspondence 
tables 

Published by the WIPO 

Economic Sectors IPC/NACE 
correspondence tables 

Based on the Patent 
Statistics: Concordance IPC 
V8 - NACE REV.2., provided 
by Eurostat 
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4.1.1. The WIPO35 and WIPO5 classifications 

Matching patents to the technology fields from WIPO was relatively straightforward and used 
IPC correspondence tables. Since the IPC classification is updated frequently and is thereby 
kept very current, we used updated IPC codes of patents to ensure that the patents were 
matched to the most relevant technological fields, in accordance with changes that have 
occurred since the patents were applied for (e.g. patents may be reclassified under new IPC 
codes created years after the filing to better reflect their alignment with technological fields). 
These updated codes were already covered in the PATSTAT database. Table 7 presents the 
fields of the WIPO35 and WIPO5 classifications. 

Table 7. The fields of the WIPO35 and WIPO5 classifications. 

Classification scheme Methods used Additional information 

Horizon 2020 Societal 
Grand Challenges 

IPC correspondence 
tables in combination with 
keywords 

Developed by Fraunhofer 
ISI for the EC in cooperation 
with the JRC in Brussels in 
contract 
JRC/BRU/2014/J.6/0015/OC 

Key Enabling 
Technologies (KETs) 

IPC correspondence 
tables in combination with 
keywords 

Both the ‘old’ demarcation 
on KETs from the KETs 
Observatory project as well 
as the ‘new’ classification 
from the ATI/EMI project are 
available 

Horizon Europe Global 
Challenges and Missions 

Specific keywords 
combined with IPC classes 

Developed by Fraunhofer 
ISI for this study. The 
classes and keywords used 
for these demarcations are 
provided in Table 12. 

Emerging technologies Specific keywords 
combined with IPC classes 

Developed by Fraunhofer 
ISI for this study. The 
classes and keywords used 
for these demarcations are 
provided in Table 13. 

UN SDGs Collection of IPC classes 
based on initial keyword 
searches 

Built on the Elsevier 
keyword classification of 
SDGs 

Field Number Field 

I Electrical engineering 
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Field Number Field 

WIPO35F01 Electrical machinery, apparatus, energy 

WIPO35F02 Audio-visual technology 

WIPO35F03 Telecommunications 

WIPO35F04 Digital communication 

WIPO35F05 Basic communication processes 

WIPO35F06 Computer technology 

WIPO35F07 IT methods for management 

WIPO35F08 Semiconductors 

II Instruments 

WIPO35F09 Optics 

WIPO35F10 Measurement 

WIPO35F11 Analysis of biological materials 

WIPO35F12 Control 

WIPO35F13 Medical technology 

III Chemistry 

WIPO35F14 Organic fine chemistry 

WIPO35F15 Biotechnology 

WIPO35F16 Pharmaceuticals 

WIPO35F17 Macromolecular chemistry, polymers 
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Field Number Field 

WIPO35F18 Food chemistry 

WIPO35F19 Basic materials chemistry  

WIPO35F20 Materials, metallurgy 

WIPO35F21 Surface technology, coating 

WIPO35F22 Micro-structure and nano-technology 

WIPO35F23 Chemical engineering 

WIPO35F24 Environmental technology 

IV Mechanical engineering 

WIPO35F25 Handling 

WIPO35F26 Machine tools 

WIPO35F27 Engines, pumps, turbines 

WIPO35F28 Textile and paper machines  

WIPO35F29 Other special machines 

WIPO35F30 Thermal processes and apparatus 

WIPO35F31 Mechanical elements 

WIPO35F32 Transport 

V Other fields 

WIPO35F33 Furniture, games 

WIPO35F34 Other consumer goods 
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4.1.2. Economic sectors 

The matching of patent applications to economic sectors based on NACE codes was a relatively 
simple task, as a concordance table between NACE sectors and IPC codes already existed 
(‘Eurostat-concordance’)13 and was used in past studies for the Commission to prepare sectoral 
analyses. Furthermore, since spring 2015, PATSTAT has included a concordance table linking 
IPC codes to NACE Rev 2.0 codes (table TLS902_IPC_NACE2). This concordance table was 
used in PATSTAT to prepare statistics by economic sector.  

Table 8.  The economic sectors covered by patent indicators in the study 

 

13  Van Looy, B., Vereyen, C., & Schmoch, U. (October 2014). Patent Statistics: Concordance IPC V8 - NACE 

REV.2. European Commission, p. 22. Retrieved from https://circabc.europa.eu/sd/a/d1475596-1568-408a-
9191-426629047e31/2014-10-16-Final%20IPC_NACE2_2014.pdf. 

Field Number Field 

WIPO35F35 Civil engineering  

Sector Number Sector 

10 Manufacture of food products 

11 Manufacture of beverages 

12 Manufacture of tobacco products 

13 Manufacture of textiles 

14 Manufacture of wearing apparel 

15 Manufacture of leather and related products 

16 

Manufacture of wood and of products of 
wood and cork, except furniture; manufacture 
of articles of straw and plaiting materials 

17 Manufacture of paper and paper products 

18 Printing and reproduction of recorded media 
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Sector Number Sector 

19 
Manufacture of coke and refined petroleum 
products 

20 
Manufacture of chemicals and chemical 
products 

21 
Manufacture of basic pharmaceutical 
products and pharmaceutical preparations 

22 Manufacture of rubber and plastic products 

23 
Manufacture of other non-metallic mineral 
products 

24 Manufacture of basic metals 

25 
Manufacture of fabricated metal products, 
except machinery and equipment 

26 
Manufacture of computer, electronic and 
optical products 

27 Manufacture of electrical equipment 

28 
Manufacture of machinery and equipment 
NEC 

29 
Manufacture of motor vehicles, trailers and 
semi-trailers 

30 Manufacture of other transport equipment 

31 Manufacture of furniture 

32 Other manufacturing 

42 Civil engineering 

43 Specialised construction activities 



 

35 

4.1.3. Horizon 2020 Societal Grand Challenges 

The demarcations for the Societal Grand Challenges (Table 9) were generated by Fraunhofer 
ISI in cooperation with the Joint Research Centre in Brussels in contract 
JRC/BRU/2014/J.6/0015/OC and this classification scheme was re-used (Frietsch et al. 2016).14 

Table 9. The Societal Grand Challenges covered by patent indicators in the study. 

4.1.4. Key Enabling Technologies (KETs) 

To demarcate the KETs in the PATSTAT database, two approaches were followed. First, the 
KETs IPC code provided from the KETs Observatory project was applied to classify the ‘old’ 
KETs from FP7. This classification was further developed to encompass additional technologies 
in H2020 and the classification was updated in the Advanced Technologies for Industry / 
European Monitor of Industrial Ecosystems project for the European Commission with which 

 

14  Frietsch, Rainer; Neuhäusler, Peter; Rothengatter, Oliver; Jonkers, Koen (2016): Societal Grand 

Challenges from a technological perspective: Methods and identification of classes of the International 
Patent Classification IPC, Fraunhofer ISI Discussion Papers Innovation Systems and Policy Analysis, No. 
53, Fraunhofer-Institut für System- und Innovationsforschung ISI, Karlsruhe, 
https://doi.org/10.24406/publica-fhg-297776 

Sector Number Sector 

62 
Computer programming, consultancy and 
related activities 

00 
Other IPC Classes not assigned to Fields 
10–62 

Field Number Field 

SGC_01 Health 

SGC_02 Food, agriculture, bioeconomy 

SGC_03 Energy 

SGC_04 Transport 

SGC_05 Climate 

SGC_06 Security 
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Fraunhofer ISI was also involved. Therefore, also the data for the newly created KETs were 
collected based on the classification developed in that project (Scientific Foresight Unit (STOA) 
2021).15 

Table 10. The KETs covered by patent indicators in the study. 

 

15  Scientific Foresight Unit (STOA) (2021): Key enabling technologies for Europe's technological sovereignty; 

Panel for the Future of Science and Technology; EPRS - European Parliamentary Research Service 

Definition Field Number Field 

Old definition 

Field01 
Advanced manufacturing 
and robotics 

Field02 
Advanced materials and 
nanotechnology 

Field03 Life science technologies 

Field04 
Micro- and nanoelectronics 
and photonics 

Field05 Artificial intelligence 

Field06 Security and connectivity 

New definition 

Field01 Industrial biotechnology 

Field02 Nanotechnology 

Field03 Micro-/nanoelectronics 

Field04 Photonics 

Field05 Advanced materials 

Field06 
Advanced manufacturing 
technologies 
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4.1.5. Horizon Europe Global Challenges and MIssions 

Concordance schemes for Horizon Europe Missions and Horizon Europe Global Challenges 
were created within the course of this project. We relied on existing classifications and 
demarcations, for example the classification of climate change and mitigation technologies 
provided by the EPO16 as well as the earlier classification of SGCs. In addition, thematic experts 
at Fraunhofer ISI were interviewed to create the classification in certain fields (e.g. the cancer 
mission). Table 11 presents the HE Global Challenges and HE Missions covered by patent 
indicators. 

Table 11.  The HE Global Challenges and HE Missions covered by patent indicators in the study. 

 

16  https://www.epo.org/news-events/in-focus/classification/classification.html 

Field Challenges/Missions Field No. 

Bioeconomy and 
natural resources 

HE Global Challenges 

HE_GLOBAL_CHALLENGES_01 

Civil security HE_GLOBAL_CHALLENGES_02 

Climate HE_GLOBAL_CHALLENGES_03 

Digital HE_GLOBAL_CHALLENGES_05 

Energy HE_GLOBAL_CHALLENGES_06 

Environment HE_GLOBAL_CHALLENGES_07 

Food and agriculture HE_GLOBAL_CHALLENGES_08 

Health HE_GLOBAL_CHALLENGES_09 

Mobility HE_GLOBAL_CHALLENGES_10 

Space HE_GLOBAL_CHALLENGES_11 

Adaptation to climate 
change 

HE Missions 

HE_MISSIONS_01 

Climate neutral and 
smart cities 

HE_MISSIONS_02 
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Table 12.  The HE Global Challenges and HE Missions field numbers and classes/keywords used. 

Field Challenges/Missions Field No. 

Restore our ocean and 
waters 

HE_MISSIONS_03 

Soil deal HE_MISSIONS_04 

Cancer HE_MISSIONS_05 

Field No. Classes/Keywords Used 

HE_GLOBAL_CHALLENGES_01 Sub-fields of SGC2 Bioeconomy: F06 (Pulp 
and paper), F08 (Genetic engineering), F12 
(Biomass from green inventory), F13 
(Biomaterials), F14 (Marine), F15 (OECD 
biotech definition AND NOT A61K + KETS 
Observatory Def) + Sub-fields of SGC5 
Climate: F31 (Waste management and 
recycling) 

HE_GLOBAL_CHALLENGES_02 SGC6: Security 

HE_GLOBAL_CHALLENGES_03 SGC5: Climate 

HE_GLOBAL_CHALLENGES_05 'Micro- and Nanoelectronics', 'Photonics' and 
'Advanced Manufacturing Technologies' 
(based in KETS) 

'Micro- and Nanoelectronics', 'Photonics' and 
'Advanced Manufacturing Technologies' 
(based in KETS) 

'Robotics' (keywords) 

'Internet of Things IoT' (keywords and) 

((A61B1/00', A61B5/00', A61B5/02%', 
A61B5/04%', A61B5/05%', A61B5/103', 
G01S13/75%', G01V3/17%', G01V15/00', 
G05D1/03%', G06K7/00', G06K7/08%', 
G06K7/10%', G06K19/00', G06K19/06%', 
G06K19/07%', G06K19/077%', G08B5/22%', 
G08B6/00', G08B13/14%', G08B13/24%', 
G08B21/00', G08B25/10%', G08B29/00, 
G09F3/00', G09F3/03%', H01Q7/00', 
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Field No. Classes/Keywords Used 

H01Q9/04%', H02J17/00', H04Q5/22%', 
H04Q7/00', H04Q9/00', H04B1/48%', 
H04B1/59%', H04B7/00', H04B7/08%') 

'Artificial Intelligence' 

taken from an OECD study: 
https://www.oecd.org/digital/identifying-and-
measuring-developments-in-artificial-
intelligence-5f65ff7e-en.htm 

Annex Table C.1. List of AI-related keywords, 
Annex Table C.2. List of IPC Codes, Annex 
Table C.3. List of CPC codes 

'Big Data (keywords and) 

((G06F17/30%, G06F19/10%, G06Q30/02%, 
G06F17/50%, G06N) 

'Digital Security' (keywords and) 

G09C, H04K, G06F12/14, G06F21/%, 
G06K19/%, G11C8/20, H04L9/%, H04M1/66, 
H04M1/663, H04M1/665, H04M1/667, 
H04M1/67, H04M1/673, H04M1/675, 
H04M1/68, H04M1/70, H04M1/727, 
H04N7/167, H04N7/169, H04N7/171, 
H04W12/% 

'Digital Mobility' (keywords and) 

G01S, G08G, H04B7/185, H04B10/105, 
G01C11/%, G01C19/%, G01C21/%, 
G06F17/00, G06F19/00 

Augmented and Virtual Reality (keywords) 

Blockchain (keywords and) 

G06 , H04, 

H04L2209/56, co-classification H04L9/3236, 
H04L9/3239, H04L9/3242, H04L2209/38 

Cloud technologies (keywords) 

Quantum computing (keywords and) 

 ('G06N10', 'G16C10/00', 'G06N99/00', 
'H01L39/22', 'H01N60/10', 'H01N60/12', 
'H01L29/66') 

HE_GLOBAL_CHALLENGES_06 SGC3: Energy SGC3 

HE_GLOBAL_CHALLENGES_07 Sub-fields of SGC5 Climate: F32 (Water and 
wastewater), F33 (Air), F34 (Air quality 
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Field No. Classes/Keywords Used 

management), F35 (Soil), F36 (Noise), F37 
(Forests, flora, fauna) 

HE_GLOBAL_CHALLENGES_08 Sub-fields of SGC2 Bioeconomy: F05 
(Agriculture, forestry); F09 (Landscape 
management); F10 (Food); F11 (future) 
proteins), F16 (Animals, livestock 
management), F17 (Household appliances 
(food-related) 

HE_GLOBAL_CHALLENGES_09 SGC1: Health 

HE_GLOBAL_CHALLENGES_10 SGC4: Transport  

HE_GLOBAL_CHALLENGES_11 SGC4: Transport F19 (Aeronautics) 

HE_MISSIONS_01 CPC Classification Scheme Y02 
(https://worldwide.espacenet.com/patent/cpc-
browser#!/CPC=Y02) 

HE_MISSIONS_02 E01B%, E01C%, E01D%, E01F  1/%, E01F  
3/%, E01F  5/%, E01F  7/%, E01F  9/%, 
E01F 11/%, E01F 13/%, E01F 15/%, 
E01H%, E02B%, E02C%, E02D%, E02F%, 
E03B%, E03C%, E03D%, E03F%, E04B%, 
E04C%, E04D%, E04F%, E04G%, E04H%, 
E05B%, E05C%, E05D%, E05F%, E05G%, 
E06B%, E06C%, E21B%, E21C%, E21D%, 
E21F%, E99Z% 

F24F, F24D 3/18, F24D 11/02, F24D 
15/04, F24D 17/02, F24H 4/00, F25B 
30/00, F25B 30/02, F25B 30/04, F25B 
30/06, F24% AND NOT F24F, E04B, 
E04C, B32B 

G08G, G06F 17/00, G06F 19/00, G16Z 
99/00, G16C 10/00, G16C 20/%, G16C 60/00 

HE_MISSIONS_03 Sub-field of SGC5 Climate: F32 (Water and 
wastewater) 

HE_MISSIONS_04 Sub-field of SGC5 Climate: F35 (Soil) 
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4.1.6. Emerging technologies 

For the emerging technologies, new classifications had to be developed. In the case of the 
climate change mitigation technologies (CCMTs) that have already been provided to the 
Commission, the direct classification provided by the European Patent Office that is published 
in the ‘Y’ classes of the CPC was used. 

Table 13.  The emerging technologies covered by patent indicators in the study. 

Field No. Classes/Keywords Used 

HE_MISSIONS_05 A61K AND (cancer, cytostatic), A61P 35/% 

Field No. Field Classes/keywords used 

EMERGING_FIELD_01 Energy 
harvesting, 
conversion, and 
storage 

'Y02A','Y02C','Y02D','Y02E','Y02T','Y04S' 

EMERGING_FIELD_02 Sustainable, 
safe, and 
regenerative 
buildings 

'Y02B' 

EMERGING_FIELD_03 Decarbonisation 
and pollution 
abatement in 
industry and 
agriculture  

'Y02P' 

EMERGING_FIELD_04 Next generation 
computing 
devices and 
architectures 

Keywords for High Performance 
Computing, Quantum Computing, 
Graphene transistors and Spintronics 

EMERGING_FIELD_05 Sustainable 
Electronics 

G11C 11/15  

B82Y 10/00  

Y02E 40/00  

Y02E 10/541 

Y02E 10/542 

Y02E 10/543 

Y02E 10/544 



 

42 

4.1.7. UN SDGs 

Regarding the SDGs, an approach involving SDG keywords for scientific publications suggested 
by Science-Metrix was used. The titles and abstracts of patents were searched for these 
keywords. However, a key limitation of this method is that the SDGs were described in terms of 
their applications or goals, whereas patent documents typically contain technical descriptions 
rather than details of the applications of the patented technologies. This difference is because 
mentioning a particular application would narrow the patent’s scope, and applicants aim to keep 
their patent claims as broad as possible to cover potential future uses. As a result, identifying 
SDGs in patents based on keywords was a challenge. To address this, we identified the top 10 
IPC classes most commonly associated with these keywords and collected all patents within 
these top 10 IPC classes for each SDG. While this approach does not allow us to clearly link a 
patent to an SDG, it enables an indication of the number of patents that have the potential to be 
relevant for a given SDG. 

Table 14. The Sustainable Development Goals covered by patent indicators in the study. 

Field No. Field Classes/keywords used 

Y02E 10/545 

Y02E 10/546 

Y02E 10/547 

Y02E 10/548 

Y02E 10/549 

Y02P 90/50  

Y02P 20/55  

Y02P 20/59 

 

+ Keywords 

EMERGING_FIELD_06 Artificial 
Intelligence 

Same as in new KETS field 05 

Field No. Field IPC classes 

SDG_02 Zero Hunger 'C05C','A01C','C05B','C05G','C05D','C
05F','A01B',’A01M','A01N','A01P',’A23
K','B01J','A01G','G06Q','A23L', 
’B65B','G05B','A61L','A61M','B01D' 

SDG_03 Good Health and Well-being 'A61K','A61P','C02F','D06F','B01D','G0
1N','A47J','C09D','C07K','A47L','F24D',
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4.2. Data standardisation 

4.2.1. Countries 

For data delivery, most of the indicators are provided by the inventor country as well as the 
applicant country. For some indicators, however, it does not make sense to calculate them at 
the applicant/inventor level. The science-industry co-application indicator, for example, only 
makes sense at the applicant level so the indicator is only available for applicant countries. The 
indicators revolving around gender, i.e. the ‘share of female inventors’–related indicators are 
only available for inventor country. 

Field No. Field IPC classes 

'E03C','C11D','C12Q','B01J','F24H','C0
7D','C08L','H01M','A23L' 

SDG_06 Clean Water and Sanitation 'C02F','B01D','G01N','A01K','B01J','C1
2M','E03B','A01G','A23L','B01F','C05F'
,'C08G','C08J','C08K','C11B','C12N','C
12P','F24D','A21D','A23P' 

SDG_07 Affordable and Clean Energy 'H01M','H01L','G06F','H02J','F02C','H0
2S','H04L','H02M','C08L','G01R','C01G
','C08G','H04B','H03K','A61K','H04W','
A61B','G06Q','F01D','B60L' 

SDG_09 Industry, Innovation and 
Infrastructure 

'A61B','G02B','H01L''G01N''G06F','B01
L','H04L','A61M','B81C','G06Q','B81B','
H04R','A61K','A61N','C12M','G01R','H
02J','F21S','G01S','G08G' 

SDG_11 Sustainable Cities and 
Communities 

'H04W','H04L','H01Q','B07C','B65F','B
01D','B09B','C02F','B01J','C04B','C05
B','C05F','C09K','C12R','C22B','E01H','
G01C','G06F','G06N','G06T' 

SDG_12 Responsible Consumption and 
Production 

'H01L','G06F','F02C','H04L','C08L','H0
1M','H02J','H02M','G01R','H03K','H04
B','C08G','A61B','A61K','F01D','H04W',
'G02B','H04N','F25B','B60L' 

SDG_13 Climate Action 'G06Q','A61K','A61Q','B01D','B32B','B
60H','B60W','C04B','E04C','F24F','G01
C','H01M','A01K','A01N','A01P','A23L','
A61B','B01J','B05B','B29B' 
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4.2.2. Regionalisation of data at NUTS level 

Address coding at the NUTS 3 level for patents is also based on the 2021 version of the Eurostat 
Nomenclature of Territorial Units for Statistics. The (inventor and applicant) address data 
provided within PATSTAT has been used to geocode the patent data and assign NUTS regions 
for further regional analyses of patent filings. 

We applied a geocoding algorithm developed in the open-source project Pelias for the 
geocoding. Pelias is a modular geocoder built on top of the search engine Elasticsearch. It uses 
several open-source geographic datasets (Who’s on First, OpenAddresses, OpenStreetMap 
and Geonames). Addresses are parsed and normalised with libpostal, which uses statistical 
NLP and open data. Elasticsearch then converts the normalised address into a 
longitude/latitude location. In a final step, these locations are assigned to their corresponding 
regional zone, which then allows analyses at the NUTS 3 level. 

4.3. Conventions applied 

4.3.1. Counting method 

Patents, as publications, are counted by two major methods, full counting and fractional 
counting. In the full counting method, each patent is counted once for each entity (unit of 
analysis) listed in the applicant/inventor field. Fractional counting is used to ensure that a single 
patent is not counted multiple times across units of analysis (e.g. groups of countries). This 
approach prevents the total number of patents attributed to entities (such as organisations, 
regions, or countries) from exceeding the actual number of patents, which can occur with full 
counting. Within fractional counting, each inventor/applicant is assigned an equal fraction of the 
patent. For more details on the counting method, please refer to Section 5.4.  

4.4. Patent output indicators 

Definition 

These are metrics that measure the quantity of patents produced by a region or country. The 
indicators used include: the total number of patent applications at the EPO (whole and fractional 
counting), the total number of patent applications filed under PCT (whole and fractional 
counting), and the share of EPO applications that are part of a PCT application. 

A note on patent indicators (applies to all indicators in Section 4): Patents can be attributed 
to a region or country based on either the applicant (assignee) or inventor fields, depending on 
the phenomenon the indicator is intended to track. Generally, the inventor field is used to capture 
the inventiveness of a region or country, attributing each patent to the location(s) of the 
inventor(s). This approach ensures the data reflect where the R&D behind the invention took 
place, thus tracking inventiveness rather than ownership of intellectual property (IP). 
Conversely, the applicant field is used to capture IP ownership, attributing patents to the region 
or country of the applicant. Some indicators are presented in two versions—one based on 
inventors and one on applicants (in this handbook, these refer to ‘inventors/applicants’ in their 
definitions). In other cases, an indicator may be calculated using only one field, which is clearly 
specified. 

Rationale and insights for decision-making 

Technological Production: These indicators measure the inventiveness of entities at various 
levels of aggregation, highlighting the volume of technological output being generated. 

Technological Competitiveness and Ranking: Patent output is commonly used to assess and 
compare the technological performance of countries or regions, both overall and within specific 
fields. 
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Knowledge Creation and Dissemination: A high rate of patent output reflects active creation and 
dissemination of new technological knowledge within a region or country. 

Source of data 

PATSTAT  

Comments/Critical issues 

Focusing solely on the quantity of patents does not take into account the quality of innovation 
or its significance or social value. 

4.4.1. Total number of patent applications at the EPO – whole/full 
counting (FULL) 

A patent count based on full counting indicates which regions/countries are involved in the 
production of a patented invention. The patents are counted once per inventor/applicant 
region/country listed on a patent application. Accordingly, this indicator is presented in two 
versions—one based on inventors and one on applicants. For this indicator, only patents filed 
at the EPO are counted. 

Computation method 

Using the full counting method, each region/country represented by each inventor (or applicant) 
listed on a patent is counted once. For example, if a patent is co-invented (or co-owned) by two 
inventors (or applicants) affiliated with the United Kingdom, one with Spain and one with the 
United States, that patent is counted once for the United Kingdom, once for Spain and once for 
the United States (and once for the world, if all patents worldwide are counted). 

4.4.2. Total number of patent applications at the EPO – fractional 
counting (FRAC) 

A patent counted on the basis of fractional counting considers the contribution of each 
inventor/applicant region/country to the article. The preparation of data using fractional counting 
ensures that we can present data for which the sum across countries/regions equals the 
computed total for this set of countries/regions. For this indicator, only patents filed at the EPO 
are counted and the indicator is presented in two versions—one based on inventors and one on 
applicants. 

Computation method 

The fractioning of patent applications is performed at the level of inventors/applicants, each 
inventor/applicant on a patent receiving an equal share. For instance, if four inventors/applicants 
are involved on a patent application, each will receive a quarter of the patent. The total for 
countries/regions on the patent is then simply the sum of fractioned patents assigned to each 
country. For instance, with two inventors/applicants from the UK, one inventor/applicant from 
Spain and one inventor/applicant from the United States on a single patent application, patent 
counts per country would stand at 0.50 for the United Kingdom and 0.25 for both Spain and the 
United States. 

4.4.3. Total number of patent applications filed under PCT – 
whole/full counting 

A patent count based on full counting indicates which regions/countries are involved in the 
production of a patented invention. The patents are counted once per inventor/applicant 
region/country listed on a patent application. Accordingly, this indicator is presented in two 
versions—one based on inventors and one on applicants. For this indicator, only patents filed 
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at the WIPO under the Patent Cooperation Treaty (PCT) are counted. The PCT system is a 
system for international patent filings. The WIPO, however, does not grant patents, it just serves 
as a means for international filing. The filed patents are forwarded to the designated national or 
regional patent offices 12 months after filing. The EPO, by contrast, is a regional patent office 
which also grants patents. Patents filed at the EPO are published after 18 months (from arrival 
at the EPO) and forwarded to the designated national patent offices after the patent has been 
granted. The patent at the national offices will then be treated as though it has been granted by 
that patent office itself. Analysing only EPO patents thus leads to a one-year lag in the statistics 
as it takes 12 months for patents to be forwarded from the WIPO to the EPO in the case of a 
PCT filing. 

Computation method 

Using the full counting method, each region/country represented by each inventor/applicant 
listed on a patent is counted once. For example, if a patent is co-invented (or co-owned) by two 
inventors (or two applicants) affiliated with the United Kingdom, one with Spain and one with the 
United States, that patent is counted once for the United Kingdom, once for Spain and once for 
the United States (and once for the world, if all patents worldwide are counted). 

4.4.4. Total number of patent applications filed under PCT – 
fractional counting (FRC) 

A patent counted on the basis of fractional counting considers the contribution of each 
inventor/applicant region/country to the article. The preparation of data using fractional counting 
ensures that we can present data for which the sum across countries/regions equals the 
computed total for this set of countries/regions. For this indicator, only patents filed at the WIPO 
under the Patent Cooperation Treaty (PCT) are counted and the indicator is presented in two 
versions—one based on inventors and one on applicants. 

Computation method 

The fractioning of patent applications is performed at the level of inventors/applicants, each 
inventor/applicant on a patent receiving an equal share. For instance, if four inventors/applicants 
are involved on a patent application, each will receive a quarter of the patent. The total for 
countries/regions on the patent is then simply the sum of fractioned patents assigned to each 
country. For instance, with two inventors/applicants from the United Kingdom, one 
inventor/applicant from Spain and one inventor/applicant from the United States on a single 
patent application, patent counts per country would stand at 0.50 for the United Kingdom and 
0.25 for both Spain and the United States. For the EU-27 aggregate, the EU-27 is treated as a 
country, so, for example, if two inventors from an EU-27 Member State are named on a patent 
application and one from the United States, the EU-27 receives 0.66 patent applications while 
the United States receives 0.33 patent applications. 

4.4.5. Share of EPO applications that are part of a PCT application 

The share of EPO applications that are part of a PCT application measures how many patents 
filed through the PCT also target the European market via a filing at the EPO. An increase in 
this share implies a rising importance of the EPO in worldwide patenting (especially from non-
European countries) whereas a decrease indicates a decline in importance. This indicator is 
presented in two versions—one based on inventors and one on applicants 

Computation method 

It is computed as follows: 

 

𝑆ℎ𝑎𝑟𝑒 𝐸𝑃𝑂_𝑃𝐶𝑇/𝑃𝐶𝑇 =  PatEPO_PCTic PatAll_PCTic⁄  
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Where, 

i refers to the year; 

c refers to the country; 

PatEPO_PCT denotes the number of patent applications via PCT that also target the EPO, per 
country and year; 

PatAllPCT denotes the number of all PCT patent applications per country and year. 

4.4.6. Relative patent advantage (RPA, ‘Specialisation index’) 

Definition 

The relative patent advantage (RPA, often also called specialisation index (SI)) measures the 
extent to which a given entity (such as a country, institution, or organisation) emphasises a 
particular field, subfield, or thematic area relative to the global average for that category. For 
instance, if 20 % of a country’s patents are in mechanical engineering, while only 15 % of patents 
worldwide are in mechanical engineering, the country is considered specialised in mechanical 
engineering, as it places more emphasis on that field than is typical globally. 

The RPA is calculated by comparing the proportion of an entity’s patents in a given category to 
the corresponding global proportion, i.e. the worldwide number of patent filings. The RPA value 
has been normalised so it ranges between -100 and +100 with the reference value 0 
representing the world level. Positive RPA values indicate that the entity produces a greater 
share of its technological output in that area than the world (i.e. it is specialised). Conversely, 
an RPA below 0 indicates a smaller share than the world average (i.e. it is not specialised). 

This indicator is aggregated based on the inventor(s). 

Rationale and insights for decision-making 

Expertise and excellence: A high specialisation index indicates a strong focus on a particular 
area, suggesting significant relative investment, expertise, and potential for excellence in that 
field. 

Resource allocation: The specialisation index can guide resource allocation decisions. For 
example, it can help entities, i.e. regions, countries or organisations identify and invest in 
emerging areas that offer a competitive advantage, building on existing strengths (e.g. areas of 
high impact and specialisation) through smart specialisation strategies. 

Monitor alignment with and progress towards priorities: Analysing an entity’s specialisation 
pattern can help assess how well its technology portfolio aligns with strategic priorities and track 
progress towards those goals (e.g. assessing the impact of directional policies).  

Contribution to the field: High specialisation can signal significant contributions to a field, as 
concentrated expertise and resources can accelerate knowledge advancement and innovation. 

Source of data 

PATSTAT 

Comments/Critical issues 

It is worth noting that the RPA is a zero-sum measure because it is calculated as a proportion 
of total output. If the proportion of an entity’s output in one area increases, there must be relative 
decreases elsewhere. By definition, it is not possible to be specialised in all areas at once. 

Additionally, the RPA is an output-based measure of effort, not an input-based one. In other 
words, the RPA reflects the results of invested effort but does not measure the investment itself. 
Combining SI data with input measures (e.g. money invested or FTEs allocated) can provide a 
more nuanced understanding. However, it is important to recognise that some technology fields 
are inherently more expensive than others, due to factors like specialised equipment or travel 
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for sample collection, so it would be inappropriate to expect all areas to be equally efficient in 
translating input investments into outputs like patent applications. 

While a high RPA indicates a strong focus on certain technology fields, diversification also can 
be a valuable strategy. 

Computation method 

𝑅𝑃𝐴 = 100 ∗ tanh 𝑙𝑛 (
(𝑃𝑠 𝑃𝑡⁄ )

(𝑊𝑠 𝑊𝑡⁄ )
) 

Where, 

Ps refers to the number of patents (full count) of an entity in a specific technology field; 

Pt refers to the total number of patents (full count) of the entity; 

Ws refers to the worldwide number of patents (full count) in the given technology field; 

Wt refers to the worldwide number of patents (full count) in all technology fields. 

The tanh and ln functions are used to normalise the indicator between -100 and +100. 

4.5. Patent quality indicators 

Definition 

This refers to metrics that measure the quality of patents produced by a region or country. The 
indicators include: the total number of patent grants at the EPO, the top 1 % most cited EPO 
applications, the average family size for patent families with at least one application filed at the 
EPO or WIPO (PCT), excluding singletons—that is, patent families consisting of only a single 
application, and the average number of backward and forward citations for EPO applications 
within a four-year time window. Excluding singletons from the calculation of average family size 
ensures that the metric reflects families with broader international protection, rather than those 
limited to a single jurisdiction. As for the EU-27, it is treated as a ‘country’, i.e. if any Member 
State within the EU-27 receives a citation, this is counted as a citation for the EU-27. 

Rationale and insights for decision-making 

Technological/economic value of patents: These indicators provide an estimate of technological 
and economic quality of patents, which should also be taken into account when looking in 
addition to the mere patent outputs of a region/country.  

Technological competitiveness and ranking: Patent quality is often used to assess the 
technological performance of countries or fields in addition to the patent output indicators. 

Source of data 

PATSTAT 

Comments/Critical issues 

Noise in the data: Patent quality cannot be assessed directly. All indicators are proxies for the 
underlying multifaceted concept of ‘patent quality’ (e.g. technological vs. economic quality). For 
a complete assessment of patent quality, several patent indicators should be considered. 

4.5.1. Total number of patent grants at the EPO 

A granted patent represents the technological value of a patent. A granted patent implicitly 
represents an invention of technological value – and is hence more valuable than a non-granted 
patent – as it has met the criteria of novelty, technological height, and industrial applicability. 
This indicator is presented in two versions—one based on inventors and one on applicants 
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Computation method 

This indicator counts all patents that are tagged as having been granted by the EPO in the 
PATSTAT database. The indicator is only available for EPO applications as a grant is an 
outcome of the patent examination. Since the WIPO is not examining patents, the indicator is 
not available for PCT filings. 

4.5.2. Top 1 % most cited EPO applications 

The top 1 % most cited EPO applications, more commonly known as the excellence rate, is 
defined as the number of patents that belong to the top 1 % of patents in terms of received 
citations (in a 4-year time window) in relation to all patents within a given field. This measure 
primarily aims at measuring technological excellence. This indicator is presented in two 
versions—one based on inventors and one on applicants 

Computation method 

It is the number of patents from a region or country that is among the 1 % most cited compared 
to other patents in the same field and in the same year. For the calculation of this number, the 
patents lying in the first percentile (top 1 %) of citation counts in a given field and year worldwide 
have to be identified, which is calculated as follows: 

𝑇𝑜𝑝1%𝑖𝑓 =  
𝑛𝑖𝑓

𝑁𝑖𝑓

∗ 100 

Where, 

I refers to the year; 

f refers to the field; 

nif refers to the ordinal rank of the citations value in a given field and year; 

Nif refers to the number of citation values in a given field and year. 

Once the Top 1 % of patents by field worldwide is defined, the number of patents per region or 
country that score in this Top 1 % citation count can be counted. A large value on this indicator 
means that a country has several patents that are very highly cited, i.e. are in the top 1 % of all 
highly cited EPO patents. 

4.5.3. Average family size with at least one application filed at the 
EPO 

To capture the breadth of a patent application in terms of the markets covered, the family size 
of patent application is employed. It is determined by the number of countries or patent offices 
where a patent application has been filed. This indicator is aggregated based on the inventor(s). 

Computation method 

For this indicator, each ‘family member’, i.e. the same patent filed at different offices, is counted 
and averaged per region/country. ‘Singletons’ – patents that only target one patent office – are 
excluded. In this indicator, only families with at least one EPO member are counted. 

4.5.4. Average family size with at least one application filed at the 
WIPO (PCT) 

To capture the breadth of a patent application in terms of the markets covered, the family size 
of patent application can be employed. It is determined by the number of countries or patent 
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offices where a patent application has been filed. This indicator is aggregated based on the 
inventor(s). 

Computation method 

For this indicator, each ‘family member’, i.e. the same patent filed at different offices is counted 
and averaged per region/country. ‘Singletons’ – patents that only target one patent office – are 
excluded. In this indicator, only families with at least one PCT member are counted. 

4.5.5. Average number of backward citations (for EPO applications) 

‘Backward citations’ refer to previous patents and is mostly used as an indicator of technological 
breadth or background of an application. They can give hints on the scope of a patent and can 
also be interpreted as a measure of ‘originality.’ Patents with a large number of backward 
citations can be assumed to build on a broad basis of already existing knowledge. This indicator 
is aggregated based on the inventor(s). 

Computation method 

This indicator captures all references to other patents that are listed on a patent document.  The 
average value for all references in patents of a given country/region is calculated. The indicator 
is only available for EPO applications as the citation occurs within the examination process. 
Since the WIPO is not examining patents, the indicator is not available for PCT filings. 

4.5.6. Average number of forward citations (for EPO applications) in 
a 4-year time window 

The number of citations a patent receives from subsequent patent applications, commonly 
called forward citations, probably are the most common and widely used patent-related 
indicator. Many scholars argue that forward citations, besides indicating technological spill-
overs, are able to indicate the technological as well as economic value of a patent. This indicator 
is aggregated based on the inventor(s). 

Computation method 

This indicator captures all citations a patent receives from subsequent patents within a 4-year 
time window. The time window assures that there are no biases regarding the age of patent, i.e. 
all patents have had the same amount of time to be cited. The citation window, however, also 
implies that the statistics based on this indicator have a time-lag of 4 years. The indicator is only 
available for EPO applications as the citation occurs within the examination process. Since the 
WIPO is not examining patents, the indicator is not available for PCT filings. 

4.6. Diversity indicators 

Definition 

This refers to metrics that measure gender diversity in patent filings. The indicators are the share 
of women inventors on EPO patents and the share of women inventors on EPO PCT patents 
out of all the inventors on the patent (including women, men, and unknown-gender or unisex 
names) and the share of women inventors on EPO patents and EPO PCT patents out of all the 
men and women inventors on the patent. 

Rationale and insights for decision-making 

Diversity in patent filing: These indicators provide an estimate of gender diversity in 
technological developments as measured by patents.  

Source of data 

PATSTAT 
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Comments/Critical issues 

It should be noted that only persons listed as inventors on a patent application can be analysed 
here. Contributions made by people not listed as inventors cannot be identified. 

4.6.1. Share of female inventors on EPO patents / share of female 
inventors on EPO PCT patents, out of all persons on the 
application 

This indicator measures the share of female inventors in EPO patents and EPO PCT patents, 
respectively, of all persons listed on a patent application. This indicator is aggregated based on 
the inventor(s). In cases where a female inventor is listed on several patents, she is counted 
multiple times, i.e. once for each patent the female inventor is listed on. In other words, this is a 
patent level indicator. 

Computation method 

This indicator counts all patents that are tagged as women inventors by a list of names 
associated with gender. If an inventor is associated with a given name her/his gender is 
identified via this list. There are some inventor names that cannot be identified. Some names 
cannot be assigned to a certain gender. 

The indicators are computed as follows: 

𝑆ℎ𝑎𝑟𝑒 𝐹𝐸𝑀_𝐼𝑁𝑉_𝑆𝐻𝐴𝑅𝐸 =  ∑ 𝐹𝐸𝑀_𝐼𝑁𝑉/ ∑ 𝐼𝑁𝑉
𝑖𝑐𝑖𝑐

 

Where, 

i refers to the year; 

c refers to the country; 

FEM_INV denotes the number of women inventors listed on a patent per country and year; 

INV denotes the number of inventors listed on a patent. 

4.6.2. Share of women inventors on EPO patents / share of women 
inventors on EPO PCT patents, out of the men and women on 
the application 

This indicator measures the share of women inventors in EPO patents and EPO PCT patents, 
respectively, out of the men and women listed on a patent application. This indicator is 
aggregated based on the inventor(s).  

Computation method 

This indicator counts all patents that are tagged as women inventors by a list of names 
associated with gender. If an inventor is associated with a given name her/his gender is 
identified via this list. There are some inventor names that cannot be identified. Some names 
cannot be assigned to a certain gender. 

The indicators are computed as follows: 

𝑆ℎ𝑎𝑟𝑒 𝐹𝐸𝑀_𝐼𝑁𝑉_𝑆𝐻𝐴𝑅𝐸 =  ∑ 𝐹𝐸𝑀_𝐼𝑁𝑉/ ∑ 𝐹𝐸𝑀_𝑀𝐴𝐿𝐸_𝐼𝑁𝑉
𝑖𝑐𝑖𝑐

 

Where, 

i refers to the year; 

c refers to the country; 
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FEM_INV denotes the number of women inventors listed on a patent per country and year; 

FEM_MALE_INV denotes the number of women and men inventors listed on a patent. 

4.7. International cooperation and science–industry 
cooperation 

Definition 

This refers to metrics that assess cross-border or cross-sectoral collaboration, such as between 
regions/countries or between the scientific community and industry. The indicators include the 
share of co-applications at the EPO, the share of PCT co-applications, the average number of 
non-patent literature citations (NPL) for EPO applications, the share of science–industry co-
applications at the EPO and the share of science–industry co-applications at the WIPO (PCT). 
Here ‘science’ is defined as either a university or public research organisation. 

Rationale and insights for decision-making 

International knowledge flows: International co-patents, i.e. co-patents between at least two 
inventors/applicants from different regions/countries indicate international knowledge flows.  

Science–industry linkages: Science-industry co-patents indicate knowledge flows between 
science and industry.  

Source of data 

PATSTAT 

Comments/Critical issues 

With the patent indicator, only knowledge flows that are documented in a patent application can 
be identified. Knowledge exchange that did not lead to a patented invention is out of scope of 
the indicator. 

4.7.1. Share of EPO co-applications 

A patent that lists inventors/applicants from different countries can be seen as an indication of 
knowledge flow between two (or more) countries. Here, we count all EPO patents that list 
inventors/applicants from more than one country. This indicator is aggregated based on the 
inventor(s). The full counting method is applied for counting co-applications. 

Computation method 

The indicator is computed as follows: 

𝑆ℎ𝑎𝑟𝑒 𝐸𝑃𝑂_𝐶𝑜_𝑃𝑎𝑡 =  Co_PatEPOic PatEPOic⁄  

Where, 

i refers to the year; 

c refers to the country; 

Co-PatEPO denotes the number EPO co-patents per country and year; i.e. the number of 
patents where inventors/applicants from at least two different countries are listed on a patent 
application. 

PatEPO denotes the total number EPO patent applications per country and year. 
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4.7.2. Share of PCT co-applications 

A patent that lists inventors/applicants from different countries can be seen as an indication of 
a knowledge flow between two (or more) countries. Here, we count all PCT patents that list 
inventors/applicants from more than one country. This indicator is aggregated based on the 
inventor(s). 

Computation method 

The indicator is computed as follows: 

𝑆ℎ𝑎𝑟𝑒 𝑃𝐶𝑇_𝐶𝑜_𝑃𝑎𝑡 =  Co_PatPCTic PatPCTic⁄  

Where, 

i refers to the year; 

c refers to the country; 

Co-PatPCT denotes the number PCT co-patents per country and year; 

PatPCT denotes the total number PCT patent applications per country and year. 

4.7.3. Average number of non-patent literature citations (NPL) 

Non-patent literature (NPL) citations are typically used to assess the science link of a patent 
application by counting the number of references to non-patent publications that are listed on a 
patent document. This indicator is aggregated based on the inventor(s). 

Computation method 

This indicator captures all references to non-patent literature that are listed on a patent 
document. In detail, an average value for all NPL references in patents of a given country/region 
is calculated. The indicator is only available for EPO applications as the citation occurs within 
the examination process. Since the WIPO is not examining patents, the indicator is not available 
for PCT filings. 

4.7.4. Share of science–industry co-applications at the EPO 

An EPO patent that lists at least one applicant that is categorised as a scientific organisation 
(university or public research organisation) and one applicant that is categorised as a company 
in the PATSTAT database is counted as a science–industry co-application. These science–
industry co-applications are then aggregated at the regional/country level to form this indicator. 
The country for which the co-publication is counted is dependent on the country of the respective 
applicant; in other words, if the country differs across the science and industry co-applicants, 
the co-application is counted for each country of the co-applicants in computing their respective 
country score. This indicator is aggregated based on the applicant(s). 

Computation method 

The indicator is computed as follows: 

 

𝑆ℎ𝑎𝑟𝑒 𝑆𝐶𝐼_𝐼𝑁𝐷_𝐶𝑜_𝑃𝑎𝑡 =  SCI_IND_Co_PatEPOic PatEPOic⁄  

Where, 

i refers to the year; 

c refers to the country; 
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SCI_IND_Co_Pat_EPO denotes the number science-industry co-patents at the EPO per 
country and year; 

PatEPO denotes the total number EPO patent applications per country and year. 

4.7.5. Share of science–industry co-applications at the WIPO (PCT) 

A PCT patent filing that lists at least one applicant that is categorised as a scientific organisation 
(university or public research organisation) and one applicant that is categorised as a company 
in the PATSTAT database is counted as a science–industry co-application. These science–
industry co-applications are then aggregated at the regional/country level to form this indicator. 
This indicator is aggregated based on the applicant(s). 

Computation method 

The indicator is computed as follows: 

𝑆ℎ𝑎𝑟𝑒 𝑆𝐶𝐼_𝐼𝑁𝐷_𝐶𝑜_𝑃𝑎𝑡_𝑃𝐶𝑇 =  SCI_IND_Co_PatPCTic PatPCTic⁄  

Where, 

i refers to the year; 

c refers to the country; 

SCI_IND_Co_Pat_PCT denotes the number science-industry co-patents at the PCT per country 
and year; 

PatPCT denotes the total number PCT patent applications per country and year. 

4.8. Trade secrets and copyrights 

4.8.1. Trade secrets 

Trade secrets are a means to keep secret information that is crucial for the business of a 
company. By definition, the content of trade secrets is not publicly available. Even the existence 
of trade secrets is usually kept secret. In consequence, a direct measure or quantification of 
trade secrets is impossible. Compared with patents, trade secrets have lower direct costs, 
potentially indefinite duration, broader subject matter, and no disclosure or registration 
requirements. 

Since trade secrets are not directly identifiable their value has to be estimated. The methodology 
here is to quantify them as a residual of intangible assets of a company that are not explained 
by IPRs. 

 

𝑇𝑟𝑎𝑑𝑒 𝑆𝑒𝑐𝑟𝑒𝑡𝑠 = 𝐼𝑁𝑇 − 𝐼𝑃𝑅𝐼𝑁𝑇 + 𝛽 ∗ 𝑆𝑀𝐸 + 𝛽 ∗ 𝐶𝑇𝑅𝑌 

With INT = intangible assets, PAT = patents, TM = trademarks, UM = utility models, DS = 
designs, SME = SME yes/no (500 empl.), CTRY = country 

The data for the estimation are based on a sample of Orbis companies with IPR (at least one 
patent, trademark, design or utility model) in the past 3 years. 
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4.8.2. Copyrights 

Copyrights are largely unregistered in the EU and selectively registered in the US and Canada, 
and litigation data are sparse and arts-focused. Therefore, direct counts of copyrights are not 
available or at least are highly incomplete, and the amount of copyrights by country thus needs 
to be estimated. To do this, we focused on technology-relevant copyrights, i.e. software 
copyright, and use activity-based proxies, for example, open-source activity, which are treated 
as correlated with proprietary development. The data sources that were used for our estimates 
are: 

• Crunchbase: software products; apps by software firms; number of software firms 

• GitHub: active users and commits (sums 2018–2020) 

• Eurostat: number of firms in NACE 62 (2020); turnover in NACE 62 (2020, EUR mn) 

• National GDP (2022) for relative normalisation 

Based on this data, we derived seven indicators at the country level for which an index value 
was calculated. 

• Software products in Crunchbase 

• Apps by software companies in Crunchbase 

• Active GitHub users (2018–2020 sum) 

• GitHub commits (2018–2020 sum) 

• Software firms in Crunchbase 

• Number of NACE 62 firms (2020) 

• NACE 62 turnover (2020, EUR mn) 

For each indicator, we computed the respective country values, z-standardised across 
countries, took the unweighted mean and rescaled it to a 0–100 index variable via min–max 
normalisation. A relative variant of this index was also calculated by dividing each original 
dimension by national GDP (2022) before repeating the same standardisation and aggregation, 
yielding a GDP-adjusted index. Higher scores on the indicator show greater potential generation 
of software-related copyrights. 

5. Bibliometric indicators 

This section begins by describing the approach to the design of the classification schemes, the 
data standardisation process, and the selection of a diverse set of 500 leading European 
publishing institutions. Subsequently, indicators are presented by main theme (e.g. publication 
output, collaboration, scientific impact), each accompanied by a general definition, rationale for 
use, and insights for interpretation. Sources of data, along with any relevant guidelines, 
comments, or critical issues, are also provided. The computation method for each indicator is 
described thereafter. 

5.1. Classification schemes 

Several classification of science are used, some of which were specifically designed for this 
study. Table 15 briefly summarises methods used to create the classification schemes. The 
methods are further described below. 
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Table 15.  Summary of methods used to prepare the different aggregation levels. 

Classification scheme Methods used Additional information 

Science-Metrix Domains, 
Fields and Subfields 

• Journal-based 
classification  

• Articles in generalist 
journals are reclassified 

Developed by Science-
Metrix for the EC in 2010 

Scientific and Technology 
Fields of Frascati 

• Direct matching of 
Science-Metrix 
subfields to Frascati 
classification  

Developed by Science-
Metrix for the EC in 2010 

Economic Sectors 
• Homemade algorithm Developed by Science-

Metrix for the EC in 2010 

Horizon 2020 Societal 
Grand Challenges 

• Specific keywords  

• Specialised journals 

• Subfields of the 
Science-Metrix 
classification 

Developed by Science-
Metrix for the EC in the 
2017–2021 Key Indicators 
study 

Key Enabling Technologies 
(KETs) 

• Specific keywords  

• Specialised journals 

• Subfields of the 
Science-Metrix 
classification 

Developed by Science-
Metrix for the EC in the 
2017–2021 Key Indicators 
study 

Horizon Europe Global 
Challenges and Missions 

• Specific keywords 

• AI approach 

Developed by Science-
Metrix for this study 

Emerging technologies 
• Specific keywords 

• AI approach 

Developed by Science-
Metrix for this study 

UN SDGs 

• Specific keywords  

• AI approach 

• Subfields of the 
Science-Metrix 
classification 

Developed by Science-
Metrix for the EC in the 
2017–2021 Key Indicators 
study 
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5.1.1. Scientific fields from the Science-Metrix classification 

The Science-Metrix classification of scientific fields was designed during a previous four-year 
bibliometric study with DG RTD, and was developed to align as closely as possible with the 
needs of the Commission. This classification is journal-based, categorizing research outputs by 
S&T domain (5 domains), field (20 fields), and subfield (174 subfields). Importantly, this is a 
mutually exclusive classification: each publication is assigned to a single subfield only. 

Publications published in generalist journals are reclassified using an in-house algorithm. To 
accomplish this, Science-Metrix implemented an approach based on bibliographic coupling. 
Bibliographic coupling examines co-citations—that is, documents that both cite the same 
reference—to establish patterns of similarity between documents. When pairs of documents 
share multiple co-citations, the link between them is considered stronger, which is used in our 
methods when documents are reassigned. Using this strategy, Science-Metrix individually 
reclassifies all papers initially classified in general fields to the most relevant field according to 
the coupling metrics. This reclassification step ensures that papers in generalist journals are 
compared to thematically similar papers, rather than to all papers in general journals, for field-
normalised indicators such as the average of relative citations (e.g. avoiding a paper in 
Bibliometrics published in Nature being compared to all papers from generalist journals (Nature, 
Science, PNAS, etc.), which includes much research from the life sciences). Details about the 
reclassification at the paper level can be found in a paper published by Science-Metrix.17 Table 
16 presents the fields associated with each of the five domains of the classification scheme. 

Table 16.  Summary of methods used to prepare the different aggregation levels. 

 

17 Rivest, M., Vignola-Gagné, E., Archambault, É. (2021). Article-level classification of scientific publications: A 

comparison of deep learning, direct citation and bibliographic coupling. PLoS ONE 16(5). Also see: 
https://www.science-metrix.com/classification/ 

Domains Fields 

Applied Sciences • Enabling & Strategic Technologies 

• Built Environment & Design 

• Engineering 

• Agriculture, Fisheries & Forestry 

• Information & Communication 
Technologies 

Arts & Humanities • Philosophy & Theology 

• Historical Studies 

• Communication & Textual Studies 

• Visual & Performing Arts 

Economics & Social Sciences • Economics & Business 

• Social Sciences 

https://www.science-metrix.com/classification/
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5.1.2. Matching to scientific fields from Frascati 

The publications indexed in Scopus are directly matched to the field of science and technology 
(FOS) classification of the Frascati Manual relying on their assigned Science-Metrix subfield. 
This is possible due to the strong similarities between the two classification schemes. To aid the 
process, Science-Metrix explored the definitions of FOS from the Revised Field of Science and 
Technology (FOS) Classification in the Frascati Manual.18 In turn, each of the 174 subfields in 
Science-Metrix’s classification was matched to a single Level 2 FOS, as seen in Table 17 below. 

The only exception is the subfield Biotechnology. This Science-Metrix subfield could not be 
matched to an equivalent FOS since there are many biotech-related FOS (i.e. Environmental 
Biotechnology, Industrial Biotechnology, Medical Biotechnology and Agricultural 
Biotechnology). To resolve this issue, the approach used in reclassifying generalist journals per 
the Science-Metrix taxonomy was applied to reclassify individual papers in the Science-Metrix 
Biotechnology subfield to any of the other Science-Metrix subfields. These papers were 
matched to the FOS Biotechnology field closest to their reclassified subfield. For example, 
biotechnology papers in medical subfields were assigned to Medical Biotechnology, those 
associated with agricultural subfields were assigned to Agricultural Biotechnology, and so on. 

 

 

18 OECD. (2007). Working party of national experts on science and technology indicators: Revised field of 

science and technology (FOS) classification in the Frascati Manual. Retrieved from 
http://www.oecd.org/science/inno/38235147.pdf. 

Domains Fields 

Health Sciences • Clinical Medicine 

• Biomedical Research 

• Psychology & Cognitive Sciences 

• Public Health & Health Services 

Natural Sciences • Chemistry 

• Earth & Environmental Sciences 

• Biology 

• Physics & Astronomy 

• Mathematics & Statistics 
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Table 17.  Correspondence table between Science-Metrix’s classification and the Field of Science and 
Technology (FOS) as defined in the Frascati Manual (revised classification of 2007). 

 

FOS (Frascati) Subfield (Science-Metrix)

1. Natural sciences

1.1 Mathematics Applied Mathematics; General Mathematics; Numerical & Computational Mathematics; Statistics & Probability

1.2 Computer and information sciences Artificial Intelligence & Image Processing; Bioinformatics; Computation Theory & Mathematics; Distributed 

Computing; Information Systems; Medical Informatics; Networking & Telecommunications; Software Engineering

1.3 Physical sciences Acoustics; Applied Physics; Astronomy & Astrophysics; Chemical Physics; Fluids & Plasmas; General Physics; 

Mathematical Physics; Nuclear & Particles Physics; Optics

1.4 Chemical sciences Analytical Chemistry; General Chemistry; Inorganic & Nuclear Chemistry; Organic Chemistry; Physical Chemistry; 

Polymers

1.5 Earth and related Environmental sciences Environmental Sciences; Geochemistry & Geophysics; Geology; Meteorology & Atmospheric Sciences; 

Oceanography; Paleontology

1.6 Biological sciences Biochemistry & Molecular Biology; Biophysics; Developmental Biology; Ecology; Entomology; Evolutionary Biology; 

Genetics & Heredity; Marine Biology & Hydrobiology; Microbiology; Ornithology; Plant Biology & Botany; Virology; 

Zoology

1.7 Other natural sciences

2. Engineering and technology

2.1 Civil engineering Building & Construction; Civil Engineering; Design Practice & Management

2.10 Nano-technology Nanoscience & Nanotechnology

2.11 Other engineering and technologies Food Science

2.2 Electrical engineering, Electronic engineering, 

Information engineering

Computer Hardware & Architecture; Electrical & Electronic Engineering; Industrial Engineering & Automation; 

Operations Research; Optoelectronics & Photonics

2.3 Mechanical engineering Aerospace & Aeronautics; Automobile Design & Engineering; Mechanical Engineering & Transports

2.4 Chemical engineering Chemical Engineering

2.5 Materials engineering Materials

2.6 Medical engineering Biomedical Engineering; Microscopy

2.7 Environmental engineering Energy; Environmental Engineering; Geological & Geomatics Engineering; Mining & Metallurgy

2.8 Environmental biotechnology Biotechnology (subset of)

2.9 Industrial biotechnology Biotechnology (subset of)

3. Medical and Health sciences

3.1 Basic medicine Anatomy & Morphology; Immunology; Medicinal & Biomolecular Chemistry; Neurology & Neurosurgery; 

Pathology; Pharmacology & Pharmacy; Physiology; Toxicology

3.2 Clinical medicine Allergy; Anesthesiology; Arthritis & Rheumatology; Cardiovascular System & Hematology; Complementary & 

Alternative Medicine; Dentistry; Dermatology & Venereal Diseases; Emergency & Critical Care Medicine; 

Endocrinology & Metabolism; Environmental & Occupational Health; Gastroenterology & Hepatology; General & 

Internal Medicine; General Clinical Medicine; Geriatrics; Nuclear Medicine & Medical Imaging; Obstetrics & 

Reproductive Medicine; Oncology & Carcinogenesis; Ophthalmology & Optometry; Orthopedics; 

Otorhinolaryngology; Pediatrics; Psychiatry; Respiratory System; Surgery; Urology & Nephrology

3.3 Health sciences Epidemiology; Gerontology; Health Policy & Services; Mycology & Parasitology; Nursing; Nutrition & Dietetics; 

Public Health; Rehabilitation; Speech-Language Pathology & Audiology; Sport Sciences; Substance Abuse; Tropical 

Medicine

3.4 Medical biotechnology Biotechnology (subset of)

3.5 Other medical sciences Legal & Forensic Medicine

4. Agricultural sciences

4.1 Agriculture, Forestry, and Fisheries Agronomy & Agriculture; Fisheries; Forestry; Horticulture

4.2 Animal and Dairy science Dairy & Animal Science

4.3 Veterinary science Veterinary Sciences

4.4 Agricultural biotechnology Biotechnology (subset of)

4.5 Other agricultural sciences

5. Social sciences

5.1 Psychology Behavioral Science & Comparative Psychology; Clinical Psychology; Developmental & Child Psychology; 

Experimental Psychology; General Psychology & Cognitive Sciences; Human Factors; Psychoanalysis; Social 

Psychology

5.2 Economics and Business Accounting; Agricultural Economics & Policy; Business & Management; Development Studies; econometrics; 

Economic Theory; Economics; Finance; Industrial Relations; Logistics & Transportation; Marketing; Sport, Leisure & 

Tourism

5.3 Educational sciences Education

5.4 Sociology Anthropology; Cultural Studies; Demography; Family Studies; Gender Studies; Social Work; Sociology

5.5 Law Criminology; Law

5.6 Political science International Relations; Political Science & Public Administration

5.7 Social and economic geography Geography; Urban & Regional Planning

5.8 Media and communications Communication & Media Studies; Information & Library Sciences

5.9 Other social sciences History of Social Sciences; Science Studies; Social Sciences Methods

6. Humanities

6.1 History and Archaeology Archaeology; Classics; History

6.2 Languages and Literature Languages & Linguistics; Literary Studies

6.3 Philosophy, Ethics and Religion Applied Ethics; History of Science, Technology & Medicine; Philosophy; Religions & Theology

6.4 Arts (history of arts, performing arts, music) Architecture; Art Practice, History & Theory; Drama & Theater; Folklore; Music

6.5 Other humanities
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5.1.3. Matching to classification schemes specific to the thematic 
priorities of EC framework programmes 

Science-Metrix uses a keyword-based approach to match publications to thematic areas, such 
as EC priorities or highly specific fields of science that do not directly correspond to the Science-
Metrix classification. In addition to keyword searches, other strategies were sometimes 
employed, as detailed below.  

Step 1 – Definition of the classification scheme. Defining the research areas for each 
classification scheme is key to building a good classification scheme. The definition delineates 
the publications to include (or exclude). Definitions were based on the documentation found on 
the EC website and provided by the Project Authority. 

Step 2 – Preparation of a list of specific keywords. Keywords can be made of one or multiple 
words. The first step in defining the list of keywords is to define a circumscribed ‘seed’ of 
publications relevant to each category. There is no particular number of papers associated with 
the seed; the only factor is the high relevance of the retrieved papers to the category under 
construction. For example, to build a seed for the Climate HE Global Challenge, keywords may 
include simple terms such as ‘climate change’, ‘climate mitigation’, ‘global warming’, or a 
combination of terms such as ‘Greenhouse gas emissions’ combined with ‘climate change’. 

Once the seed for a category is defined, the title, abstract and author keywords of the 
publications in the seed are mined using a natural language processing algorithm to extract the 
noun phrases they contain. A noun phrase is a word or a group of words that functions as a 
noun within a sentence and is treated as a single ’term’ (i.e. climate change, global warming). 
The extracted noun phrases are then indexed in the whole of the database to compute a statistic 
that measures the specificity of each noun phrase to the seed, known as the term frequency–
inverse document frequency (tf-idf). The tf-idf is a statistical measure that evaluates how 
relevant a word is to a document in a collection, balancing its frequency in the document with 
how common it is across all documents. The tf-idf is a weight often used in information retrieval 
to identify relevant terms in the corpus. It increases with the frequency of a noun phrase in the 
seed but is offset by the inverse share of documents containing it in the overall database (i.e. 
Scopus). This increases the odds of detecting rare noun phrases that are highly specific to the 
seed (e.g. ‘Net zero emissions’, ‘Paris Agreement’) and effectively discards generalist terms 
(e.g. ‘methods’). 

The set of noun phrases to include in the final query is expanded until a satisfactory balance 
between recall and precision is achieved. Science-Metrix typically favours precision over recall 
and aims to achieve precision above 90 % and recall above 60 %. The precision is manually 
assessed using a random sample of at least 100 papers per category. Papers in these samples 
are flagged as relevant (true positives), marginally relevant (peripheral) or irrelevant (false 
positives). During the iterative expansion of a category, the recall is estimated as the percentage 
of relevant papers from a given seed (i.e. overall for the seed as well as by specialised journals 
or Scopus topics composing the seed) that are effectively retrieved in the dataset through the 
corresponding keyword-based query. Because the recall never reaches 100 %, several papers 
in a given seed are not captured. These papers could either be relevant papers that were not 
successfully retrieved by the keyword-based approach, or irrelevant papers (because even 
specialised journals sometime publish material not directly connected to their core subject 
matter). It is expected that there should be few relevant papers left in the seed, and if some 
remain, they should not include common terms of high relevance to the topic of interest; this 
can nevertheless happen if the abstracts are not available for a given journal, reducing the 
volume of available information to recover relevant publications. At the end of each iteration 
expanding the category, this is explicitly tested by taking a random sample of 30 papers from 
the pool of unrecovered papers from the seed. Once the results are satisfactory, the expansion 
cycles are stopped. 



 

61 

Step 3 – Increasing recall using specialist journals or Science-Metrix subfields (optional). 
Recall can be increased by adding all publications from a specific Science-Metrix subfield or 
from highly specialised journals that are highly relevant to the category being constructed. Not 
all categories in the classification scheme are enriched in this way.  

Step 4 – Increasing publication counts and recall using an AI algorithm (optional). The 
recall can also be increased using machine learning. Science-Metrix uses an approach 
developed by Cohan et al. (2020).19 The approach uses document-level embeddings–numerical 
vector representations that capture the semantic meaning of entire documents–to suggest 
additional documents that  have a high degree of semantic similarity and are deemed relevant 
to the selected theme. Not all classification schemes could be expanded using the AI algorithm. 

Table 18 details the approach, as well as the final precision and recall estimates for each H2020 
and Horizon Europe category. Please note that the H2020-related schemes were developed 
during the 2017 EU Key Indicators project. For H2020 programmes, recall was estimated by 
measuring the retrieval rate of H2020 publications assigned to each category, as identified in 
the CORDIS database. For Horizon Europe schemes, recall was estimated using specialist 
journals. 

Table 18.  Precision estimates for H2020 and Horizon Europe classification schemes  
using the keyword-based approach. 

 

19 Cohan, A. , Feldman, S., Beltagy, I. , Downey, D., and Weld, D.S. (2020). SPECTER: Document-level 

Representation Learning using Citation-informed Transformers. ACL Anthology, DOI. 
10.18653/v1/2020.acl-main.207 

Classification 
scheme 

Approach Precision Recall 

H2020 Societal Grand Challenges 

Climate action, 
environment, 
resource efficiency 
and raw materials 

Keyword 91 % 82 % 

Secure societies – 
Protecting freedom 
and security of 
Europe and its 
citizens 

Keyword 98 % 62 % 

Smart, green and 
integrated transport 

Keyword 90 % 62 % 

Health, 
demographic 
change and well-
being 

Keyword 94 % 87 % 
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Classification 
scheme 

Approach Precision Recall 

Food security, 
sustainable 
agriculture and 
forestry, marine, 
maritime and inland 
water research, and 
the bioeconomy 

Keyword 93 % 74 % 

Secure, clean and 
efficient energy 

Keyword 91 % 77 % 

Key Enabling Technologies (KETs) 

Industrial 
Biotechnology 

Keyword 94 % 70 % 

Nanotechnology Keyword 95 % 80 % 

Micro- and Nano-
electronics 

Keyword 96 % 65 % 

Photonics Keyword 96 % 68 % 

Advanced Materials Keyword 96 % 68 % 

Advanced 
Manufacturing 
Technologies 

Keyword 92 % 74 % 

Horizon Europe Missions 

Adaptation to 
climate change 

Keyword 

Expanded with AI 

93 % 

96 % 

55 % 

82 % 

Cancer Keyword 98 % 99 % 

Climate neutral and 
smart cities 

Keyword 

Expanded with AI 

96 % 
92 % 

61-71 % 
85 % 
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Classification 
scheme 

Approach Precision Recall 

Restore our ocean 
and waters 

Keyword 

Expanded with AI 

93 % 

93 % 

39 % 

61 % 

Soil deal Keyword 

Expanded with AI 

95 % 

96 % 

67 % 

82 % 

Horizon Europe Global Challenges 

Health Keyword 93 % 74 % 

Culture, creativity 
and inclusive 
society 

Keyword 93 % 91 % 

Civil security for 
society 

Keyword 

Expanded with AI 

95 % 
92 % 

42 % 
51 % 

Digital and industry Keyword 96 % 83 % 

Space Keyword 93 % 66 % 

Climate Keyword 93 % 85 % 

Energy Keyword 92 % 76 % 

Mobility Keyword 93 % 61 % 

Food & Agriculture Keyword 

Expanded with AI 

96 % 

94 % 

63 % 

71 % 

Bioeconomy & 
Natural resources 

Keyword 

Expanded with AI 

92–96 % 

91–98 % 

67 % 

69 % 

Environment Keyword 

Expanded with AI 

95 % 
93 % 

45 % 
58 % 

Emerging Technologies 
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Source:Prepared by Science-Metrix. 

5.1.4. United Nations Sustainable Development Goals 

Data were prepared for 15 of the 17 SDGs. Science-Metrix first developed SDG queries in the 
context of the UNESCO Science Report 2021.20 These classification schemes were built using 
the keyword-based approach describe above and a machine-learning component. These 
queries are public and can be accessed by any user on Digital Commons, with new iterations 
being published approximately every six months to reflect changes made to improve the 
queries.21  

 

20 https://www.unesco.org/reports/science/2021/en 
21 Elsevier’s queries to define SDGs in scientific publications are publicly available at: 

https://elsevier.digitalcommonsdata.com/datasets/p52c7d3hfs/1.  

Classification 
scheme 

Approach Precision Recall 

Energy harvesting, 
conversion and 
storage 

Keyword 94 % 76 % 

Decarbonisation 
and pollution 
abatement in 
industry & 
agriculture 

Keyword 88–94 % 77 % 

Sustainable, safe, 
and regenerative 
buildings 

Keyword 

Expanded with AI 

93 % 

88 % 

67 % 

77 % 

Next generation 
computing devices 
and architectures 

Keyword 

Expanded with AI 

93 % 

96 % 

50 % 

72 % 

Sustainable 
electronics 

Keyword 95 % 39 % 

Artificial intelligence Keyword 95 % 97 % 

https://elsevier.digitalcommonsdata.com/datasets/p52c7d3hfs/1
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5.2. Data standardisation 

5.2.1. Countries 

The approach used to infer countries for publications—relying on author affiliations—was very 
similar to that of predecessor study,22 except for the handling of missing country information in 
Scopus. In previous studies, Science-Metrix employed a data imputation procedure using 
affiliation and author-level data to complete country information. For the current study, it was 
jointly decided with the Commission—notably to align with other data products and reports—
not to fill in the missing country information. This decision did not significantly impact the study 
findings, given the small proportion of publications with unknown country data. 

Manual adjustments were made for Cyprus to exclude publications from institutions located in 
areas of the Republic of Cyprus in which the Government of the Republic of Cyprus does not 
exercise effective control. Specifically, the fraction of Cyprus’s research output attributable to 
the following institutions was excluded: Eastern Mediterranean University, Girne American 
University, American University of Cyprus, Cyprus International University (CIU), European 
University of Lefke (ex State Foundation University), Middle East Technical University Northern 
Cyprus Campus, Near East University (Yakın Doğu Üniversitesi), University of Mediterranean 
Karpasia, Istanbul Technical university campus, University of Kerynia, Cyprus Health and Social 
Sciences University, Ataturk Paedagogical Academy, Final International University, Cyprus 
Science University (KIU) / Kıbrıs İlim Üniversitesi (Özok company), KIBRIS ADA KENT 
ÜNİVERSİTESİ University of City Island, Ankara Social Sciences University Northern Cyprus, 
Arkin University of Creative Arts and Design, International University of Alasia, European 
Leadership University, AVRUPA LİDERLİK ÜNİVERSİTESİ, Bahçeşehir Cyprus University 
(BAU Cyprus), Dünya Barış Üniversitesi, World Peace University, Istanbul Technical 
University's Education-Research Campuses in the Turkish Republic of North Cyprus, Cyprus 
West University, Onbeş Kasım Kıbrıs University (Birinci Holdings), Rauf Denktas University. 

5.2.2. Regionalisation of data at NUTS level 

Address coding at the NUTS 3 level is based on the 2024 version of the Eurostat Nomenclature 
of Territorial Units for Statistics. The approach, developed by Science-Metrix, was previously 
implemented in Scopus for earlier years of the QE study using the 2021 version, and for the 
predecessor study using the 2016 version.23 Changes between these versions were 
incremental, primarily involving the shifting and merging of NUTS 3 regions. During this process, 
source files linking zip codes and local administrative units to NUTS regions were updated to 
the 2024 versions. In a few cases, cities had to be manually recoded to account for more 
complex changes in the NUTS structure. Cross-mapping verifications were conducted during 
the validation phase to track the flow of publication counts between versions and ensure that 
observed changes aligned with expectations.  

 

22 Science-Metrix, & PPMI. (2021). Provision and analysis of key indicators in R&I — Final study approach 

report. https://op.europa.eu/en/publication-detail/-/publication/d40bb8c1-2b18-11ec-bd8e-
01aa75ed71a1/language-en/format-PDF/source-234774697 

23 European Commission: Directorate-General for Research and Innovation, PPMI and Science-Metrix, 

Provision and analysis of key indicators in R&I – Final study report covering work packages 1-6, 
Publications Office of the European Union, 2021, https://data.europa.eu/doi/10.2777/587466 

https://op.europa.eu/en/publication-detail/-/publication/d40bb8c1-2b18-11ec-bd8e-01aa75ed71a1/language-en/format-PDF/source-234774697
https://op.europa.eu/en/publication-detail/-/publication/d40bb8c1-2b18-11ec-bd8e-01aa75ed71a1/language-en/format-PDF/source-234774697
https://data.europa.eu/doi/10.2777/587466


 

66 

5.2.3. Standardisation of institution and organisation names 

Most institutions have not yet established standards indicating how their researchers should 
sign their publications. As a result, institutional names come in various forms. The names 
therefore had to be carefully standardised before robust statistics could be produced at the 
institutional level. Science-Metrix uses records from a curated database (OrgDB) of 
organisations, produced by Elsevier, to consolidate the institutional data. The classification is 
hierarchical. As an example, within a university, laboratories would be presented within their 
respective departments, which are then presented within their respective faculties and so on. 
For the QE study, the highest level was selected (i.e. university or main institution level), 
although publication involving affiliated hospitals were tagged. Selected institutions were 
manually verified to ensure that affiliates followed the same pattern than during the former 
iteration of the project. Very few changes were made and these mostly concerned affiliated 
hospitals. 

5.3. Selecting a set of 500 leading European publishing 
institutions 

A set of approximately 300 universities, 100 public research organisations (PROs), and 100 
companies was selected in the final year of the study. Top publishing institutions were identified 
once based on Scopus data, rather than separately within each thematic dataset. All institutions 
within these groups were manually checked to include affiliated entities (primarily hospitals), 
ensuring alignment with data previously provided to the Commission (see footnote 22). Each 
top publishing institution is represented at the highest level of its organisational hierarchy (e.g. 
university or main organisation), and institution names are provided in English. 

Note: The selection of the most publishing institutions within the European Research Area 
(ERA) was based on fractional counting (FRAC), which differentiates each institution’s 
contribution according to its share of contributing authors on individual publications. 

5.3.1. Universities 

Universities were selected based on country size and their institutional ranking in the ERA by 
publication counts (FRAC) over the 2000–2024 period. For large countries such as France and 
Germany, at least 10 universities were included; for medium-sized countries, at least 4; and for 
small countries (except the Faroe Islands and Luxembourg), at least 2.24 The remaining 
universities were chosen from across the ERA to complete the list of the 300 top-publishing 
institutions, according to their European ranking. 

5.3.2. Public research organisations 

Also called non-university research performing organisations, public research organisations 
(PROs) are public not-for-profit organisation that conduct research. A selection of 100 PROs 
was made among the most publishing ERA organisations, ensuring that at least two PROs per 
ERA country are presented. PROs are classified in three levels: 

• Level 1 PROs are multidisciplinary in scope and often comprise several small-to-medium 
research institutions and centres across the country. Typically, each country in the ERA has 

 

24 A minimum of 10 universities were selected for CH, DE, DK, ES, FR, IT, NO, PL, and the GB. A minimum of 4 

were selected for AT, BE, BG, CZ, FI, GR, HR, HU, IE, IL, NL, PT, RO, and SE. A minimum of two were 
selected for AL, AM, BA, CY, EE, GE, IS, LI, LT, LV, MD, ME, MK, MT, RS, SI, SK, TN, TR, UA, and XK. 
For FO and LU, only one university was retained. 
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one or two such research organisations (e.g. CNRS in France), though some have none. 
Following the rules set out previously, all institutions funded by one of these institutions are 
included under the main PRO name. 

• Level 2 PROs perform research in a specific scientific domain. Smaller than the Level 1 
PROs, they may also have small centres and/or institutions across the country, which are 
included under the name of the principal organisation. Hospitals and affiliated centres 
without affiliations with universities are in this category. 

• Level 3 PROs conduct research internationally or across the ERA (e.g. the World Health 
Organization). To allow for comparison with other research organisations in the ERA, only 
the author addresses located within the ERA for these international research organisations 
will be included. 

A note on hospitals. Hospitals are organised differently in different countries. Some countries 
in the ERA, such as Austria, consider their major hospitals to be medical universities. Based on 
the rules set out earlier, these are then considered to be universities. Several other countries, 
such as the UK and France, group their hospitals within trusts. All hospitals associated with a 
specific trust would therefore be included under the trust’s name, as stand-alone PRO level 2. 

5.3.3. For-profit organisations 

A selection of the 100 most publishing companies within the ERA was made. This selection was 
expanded to 105 companies to ensure that at least two firms were included from each ERA 
country, except for Kosovo and the Republic of Moldova, for which only one company was 
selected. Companies were identified using a mixed-methods approach, drawing on information 
from the predecessor study (see footnote 22) and data from the OrgDB database (see Section 
5.2.3) to ensure accuracy. Indicators are presented in two ways: first, for the ERA as a whole, 
accounting for all of a company’s publications across Europe (as some companies such as IBM, 
Microsoft, Nokia, and AstraZeneca are multinationals with activities in several countries); and 
second, for the top two companies per country (among those in the selection described above), 
considering only their published output attributable to their activities in the corresponding 
country.  

5.3.4. Partners 

For each of the 500 selected institutions, 30 preferred partners were identified based on the 
number of co-publications, selecting those who co-authored the most publications with each 
institution. The OrgDB database (see Section 5.2.3Error! Reference source not found.) was 
used for partner selection; no manual adjustments or systematic checks were performed. 
Institution names may appear in multiple languages. To compensate for the inclusion of 
hierarchical levels that ideally should have been excluded, the number of partners was 
increased from 20 to 30. 

5.4. Conventions applied 

5.4.1. Document types 

In producing bibliometric data, only documents published in refereed scientific 
journals/proceedings were retained, as these documents have been reviewed by peers prior to 
being accepted for publication. The peer-review process ensures the quality of the reported 
work and filters for original research materials (reviews included). In the context of bibliometrics, 
these documents are collectively referred to as publications. In the Scopus database, a 
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combination of sources (e.g. journals) and document types are used to keep only journal 
articles, review papers and conference papers. 

5.4.2. Counting method 

Publication indicators can be computed by counting papers associated with authors or with any 
geographical location derived from the author affiliations. Statistics are typically computed for 
researchers, institutions, cities, countries or any other geopolitical regions that can be derived 
from the author affiliations. Two counting methods are generally used when assigning papers 
to a unit of analysis (e.g. researcher, institution, region, country): full counting and fractional 
counting. 

Full counting 

In the full counting method, each paper is counted once for each entity (unit of analysis) listed 
in the affiliation field. For example, if a paper is authored by two researchers from the 
Universidad Complutense de Madrid, one from the University of Milan and one for the University 
of Bologna, the paper will be counted once for the Universidad Complutense de Madrid, once 
for the University of Milan and once for the University of Bologna. It will also be counted once 
for Spain and once for Italy. When it comes to groups of countries (e.g. EU-27), double counting 
is avoided; this means that in the above example, the publication would be counted only once 
for EU-27. 

Fractional counting 

Fractional counting is used to ensure that a single paper is not counted multiple times across 
units of analysis (e.g. groups of countries). This approach prevents the total number of papers 
attributed to entities (such as organisations, regions, or countries) from exceeding the actual 
number of papers, which can occur with full counting. Ideally, each author would be credited 
with a fraction of the paper corresponding to their level of participation in the research. However, 
since there is currently no reliable way to measure each author’s relative contribution, each 
author is assigned an equal fraction of the paper. To implement this method, each author must 
be linked to their address(es) in the database, as is possible in Scopus. 

With the growing adoption of author credit systems, it may eventually be possible to use a more 
refined fractioning method that accounts for individual contributions. For now, Science-Metrix 
considers equal fractioning at the author level to be the most accurate approach, especially 
when producing historical data for years before author credit systems were widely used. 

In the above example presented for the full counting method (two authors from the Universidad 
Complutense de Madrid, one from the University of Milan and one from the University of 
Bologna), half of the paper would be attributed to Spain and the other half to Italy if the fractions 
were calculated at the level of authors (each author is credited ¼ of the paper). Using the same 
fractioning for aggregating at the level of institutions, half of the paper would be counted for the 
Universidad Complutense de Madrid and one quarter of the paper would be attributed to both 
the University of Milan and the University of Bologna. Further examples are provided in the 
below computation method of specific indicators. 

5.4.3. Computation thresholds 

To increase the robustness of the indicators presented, Science-Metrix does not compute 
averages, shares, or ratios (i.e. indicators not purely based on counts) when there are fewer 
than 30 valid values. 
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5.4.4. Self-citations 

As requested by the Commission, self-citations were excluded in computing citation-based 
indicators. The effect of self-citations in scientific communication has been thoroughly studied, 
clearly showing the risk of positive biases resulting from an abusive use of self-citations to self-
inflate one’s impact/influence on the scientific community.25 

Excluding self-citations has thus been promoted and is a relatively common practice. However, 
by presuming that researchers self-cite their work because they are attempting to unduly 
promote their own work, or to control bibliometric indicators, one sets aside the fact that most 
researchers cite their own work because they produce high-quality science and build on it to 
further advance their research agenda, a fair scientific practice. In some highly collaborative 
fields (i.e. high-energy physics) where publications can involve hundreds of authors, the same 
large group of researchers can push the boundaries of their very specific area of research and 
have no other choice but to cite their own work, at least partially. Finally, when computed at high 
aggregation level (e.g. for countries), self-citation biases are less likely to drastically bias the 
findings. 

The author-to-author self-citation method was used to identify self-citations between papers. 
The method applied relies on Scopus’s Author Identifier (AUID), which is a key assigned to 
authors that aims to aggregate a single author’s work. Alternative methods for identifying self-
citations at the author level involve matching surnames and first names or initials. This is 
problematic in cases where there are differences in spelling of names or authors with the same 
last names and initials. The AUID aims to distinguish authors more accurately and has proved 
reliable in disambiguating individual authors in large-scale bibliometric evaluations.26 Self-
citations were removed from a paper’s citation count on a fractional basis, accounting for the 
number of authors on a citing paper. For example, a paper written by author A and cited by a 
paper written by authors A and B will see 0.5 citations not counted instead of the full citation 
removed. This way, the downside of removing self-citations in highly collaborative papers (see 
above) was reduced. 

5.4.5. Citation counts 

A number of problems can be associated with absolute citation counts. Citation practices are 
different between subfields of science, such as physical chemistry and economics.27, 28 It thus 
seems that the validity of comparing scientists’ performance working in different fields is 
uncertain. This is particularly true considering the fact that citations accrue at different rates 
depending on the field. Citation counts are indeed affected by the time period over which they 

 

25 Fowler, J. H., & Aksnes, D. W. (2007). Does self-citation pay? Scientometrics, 72(3), 427–437. 

doi:10.1007/s11192-007-1777-2 

26 Campbell, D., & Struck, B. (2019). Reliability of Scopus author identifiers (AUIDs) for research evaluation 

purposes at different scales. 17th International Conference of the International Society for Scientometrics 
and Informetrics (ISSI), 2-5 September 2019, Proceedings Vol. II, 1276–1287. Retrieved from http://issi-
society.org/publications/issi-conference-proceedings/proceedings-of-issi-2019/ 

27 Braun T. (2003). The reliability of total citation rankings. Journal of Chemical Information and Computer 

Sciences, 43, 45–46 

28 Frandsen T. F. (2005). Journal interaction. A bibliometric analysis of economics journals. Journal of 

Documentation, 61(3), 385–401. 
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are counted, and the importance of this factor has been characterised by a number of authors.29, 

30, 31 

Absolute citation counts are a very imprecise way to benchmark scientific performance, as some 
of the above critiques demonstrate. The preferred way to use citations to rank scientific impact 
is through using normalised, alternatively named ‘relative’, citation counts. Science-Metrix 
normalised the citation scores of papers accounting for three factors: the subfield in which the 
document is published (relying on the Science-Metrix classification, see Section 5.1.1), the year 
of publication and the document type. 

As noted above, the citation patterns can differ considerably between areas of science, so 
normalising by subfield enables a more equal comparison between them. 

Note that the citation counts were computed using a variable citation window32 whereby older 
papers are advantaged. In a database including papers up to 2024, a 2010 paper has a citation 
window of its publication year (2010) plus 14 years, while a 2022 paper has a citation window 
of publication year (2022) plus 2 years, giving the older paper 12 more years to accrue citations. 
Normalising by year of publication controls for any differences in the length of the citation 
window available to different publications by dividing the citation count for each paper by the 
average number of citations for papers of the same document type, published in the same field 
in the same year. For example, the number of citations for a journal article in physics published 
in 2010 is normalised by dividing it by the average number of citations for all journal articles in 
physics published in 2010. Note that a normalised citation count was not computed for 
publications with a citation window shorter than the publication year plus two. For a database 
including papers up to 2024, this means that the normalised citation scores would not be 
counted for papers published in or after 2023 (2023 papers have a citation window of publication 
year plus one and 2024 papers have a citation window of publication year only). This avoids 
including unreliable scores when not enough time has elapsed to adequately capture the impact 
of publications. The decision to exclude publications with a shorter citation window than 
publication year plus two is based on tests performed by Science-Metrix that showed that most 
papers reach their citation peak after 2.5 years (i.e. publication year +1.5 years); it is also 
designed to address the needs of clients regarding the timeliness of citation data. However, it 
is important to note that this approach using variable citation windows is not possible when 
computing un-normalised counts of citations, because changing lengths in citation windows will 
mean it is not possible to make comparisons of citation counts over time. Therefore, for all non-
normalised citation metrics,33 Science-Metrix measured citations using a fixed two-year citation 
window from the publication year. 

Compared to a fixed citation window (e.g. publication year plus two) applied equally to all 
papers, the above approach for normalised citation counts enables accounting for all citations 
made to publications over their lifetime, increasing the reliability of the data. It also diminishes 
the downside of the different citation window for papers published early in a given year relative 

 

29 Frandsen T. F., & Rousseau R. (2005). Article impact calculated over arbitrary periods. Journal of the American 

Society for Information Science and Technology, 56(1), 58–62. 

30 Moed, H. F., Burger, W. J. M., Frankfort, J. G., & van Raan, A. F. J. (1985). The use of bibliometric data for the 

measurement of university research performance. Research Policy, 14(3), 131–149. doi:10.1016/0048-
7333(85)90012-5. 

31 Van Raan A. J. F. (2003). The use of bibliometric analysis in research performance assessment and monitoring 

of interdisciplinary scientific developments. Technikfolgenabschätzung, 12(1), 20–29. 
32 The citation window is the period over which a publication accumulated citation. 

33 These indicators are those where the total number of citations is considered, for example, total citations by co-

publication type, total citations by open access publication type, total citations to international co-publications, 
and total citations to EU-27–only co-publications. 
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to those published at the end of the same year; in recent publication years, this impact can be 
perceptible but diminishes as the length of the citation window increases for older papers. 

Finally, citation counts were also normalised by document type to account for the differing 
citation patterns between them. Science-Metrix considers three types of documents as peer-
reviewed literature: journal articles, reviews and conference proceedings. In general, reviews 
are cited more frequently than articles and articles more often than conference proceedings. In 
the predecessor study, citations to conference papers were excluded from the computation of 
citation-based indicators. Specifically, we did not calculate a normalised citation score for 
conference papers, and they were excluded from the computation of indicators that rely on these 
normalised scores. In this study, we have changed the methodology to include all document 
types—articles, conference papers, and reviews—in the calculation of these indicators. This 
change was made in the interest of completeness, and its effect on the scores was negligible. 

Science-Metrix has used this approach to compute all field normalised metrics prepared in the 
study (see Section 5.8). 

5.5. Publication output & growth indicators 

Definition 

This refers to metrics that measure the quantity and rate of increase in academic publications 
produced by a group, institution, or country. These could include the total number of 
publications, the annual number of publications, or the percentage increase in publications over 
a given period. 

Rationale and insights for decision-making 

Raw counts of peer-reviewed scientific publications, and their evolution over time, quantify the 
absolute contribution of various entities (e.g. researchers, research groups, academic 
institutions, and countries) to the creation and dissemination of new knowledge, both overall 
and by research area. These indicators can be used in a variety of ways, such as identifying 
major research contributors (‘powerhouses’), tracking shifts in research capacity and influence 
within the global research ecosystem, highlighting emerging contributors and research areas, 
and revealing how political priorities and policy directionality shape the research agenda over 
time. These are just a few examples of the many possible applications of publication output and 
growth indicators.  

Source of data 

Abstracting and indexing database (i.e. Scopus in this project) 

Comments/Critical issues 

Quality over quantity: Focusing solely on the number of publications can incentivise quantity 
over quality. It's important to also consider the quality of the research being published. 

Research integrity: Pressure to increase publication output can sometimes lead to questionable 
research practices, such as salami slicing (breaking down one study into multiple smaller 
publications), p-hacking (manipulating data to achieve significant results), or even research 
misconduct. Institutions should uphold and emphasise the importance of research integrity. 

Diverse research outputs: Not all valuable research outputs are journal articles. Other outputs, 
such as datasets, software, patents, policy briefs, or contributions to professional practice, are 
also important. 

5.5.1. Total number of publications – full counting (FULL) 

A publication count based on full counting indicates which entities are involved in the production 
of an article, regardless of their individual level of contribution to the article. 
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Computation method 

Using the full counting method, each entity represented by each author listed on a publication 
(e.g. the country with which the author is affiliated) receives full credit (1 publication) for that 
paper. For example, if a publication is authored by two researchers affiliated with the United 
Kingdom, one with Spain and one with the United States, that publication is counted once for 
the world, once for the United Kingdom, once for Spain and once for the United States. 

5.5.2. Total number of publications – fractional counting (FRAC) 

A publication count based on fractional counting considers the contribution of 
authors/institutions to the article. 

Computation method 

FRAC allocates publication credit based on the proportion of authors affiliated with each entity 
(e.g. country, organisation, or other grouping) contributing to an article. For example, if a paper 
has two authors affiliated with Entity A, one with Entity B, and one with Entity C, the publication 
is divided into four equal parts across its four authors: Entity A receives two parts (0.5 
publication), while Entities B and C each receive one part (0.25 publication each). 

For authors with multiple affiliations reported on separate addresses, their fractional credit is 
further divided equally among the addresses they appear on. For instance, if there are four 
authors and one is linked to two institutional addresses, each of that author’s institutional 
addresses receives half of their author fraction (i.e. 0.25 × 0.5 = 0.125). 

Using this method, publication fractions can then be aggregated at any level, such as country 
or organisation, depending on the requirement of the analysis.  

5.5.3. Compound annual growth rate (CAGR) 

The compound annual growth rate (CAGR) is the annualised average rate of publication growth 
between two given years, assuming growth takes place at an exponentially compounded rate. 
A positive score indicates an increase in publication rate; a negative score indicates a decrease. 
CAGR can be computed relying on full or fractional counts of publications. 

Computation method 

It is computed as follows: 

 

𝐶𝐴𝐺𝑅 =  (Fe Fs⁄ )
1

N⁄ − 1 

Where, 

s refers to the start year; 

e refers to the end year; 

N denotes the number of yearly increment in the reference period (i.e. e – s); 

Fs denotes the number of publications in the start year; 

Fe denotes the number of publications in the end year. 

5.5.4. Specialisation index 

Definition 

Specialisation is the extent to which a given entity (such as a country, institution, or organisation) 
emphasises a particular field, subfield, or thematic area relative to the global average for that 
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category. For instance, if 20 % of a country’s publications are in physics, while only 15  % of 
papers worldwide are in physics, the country is considered specialised in physics, as it places 
more emphasis on that field than is typical globally. 

The specialisation index is used to measure specialisation. The SI is calculated by comparing 
the proportion of an entity’s publications in a given category to the corresponding global 
proportion, using all publications in the database as a proxy for the ‘world’. The reference value 
for SI is 1, representing the world level. An SI above 1 indicates that the entity produces a 
greater share of its research output in that area than the world (i.e. it is specialised). Conversely, 
an SI below 1 indicates a smaller share than the world average (i.e. it is not specialised). 

Rationale and insights for decision-making 

Expertise and excellence: High specialisation indicates a strong focus on a particular area, 
suggesting significant relative investment, expertise, and potential for excellence in that field. 

Resource allocation: Knowledge of specialisation can guide resource allocation decisions. For 
example, it can help institutions identify and invest in emerging areas that offer a competitive 
advantage, building on existing strengths (e.g. areas of high impact and specialisation) through 
smart specialisation strategies. 

Monitor alignment with and progress towards priorities: Analysing an entity’s specialisation 
pattern can help assess how well its research portfolio aligns with strategic priorities and track 
progress towards those goals (e.g. assessing the impact of directional policies).  

Reputation and attractiveness: Specialisation in a particular area can enhance an institution's 
reputation and attractiveness to students, faculty, funders, and partners interested in that field. 

Source of data 

Abstracting and indexing database, for information on research publications. In the QE study, 
Scopus (by Elsevier) was used. For the list of classifications used in computing the SI in this 
project, refer to Section 5.1. 

Comments/Critical issues 

It is worth noting that the SI is a zero-sum measure because it is calculated as a proportion of 
total output. If the proportion of an entity’s output in one area increases, there must be relative 
decreases elsewhere. By definition, it is not possible to be specialised in all areas at once. 

It is also important to note that countries with low total publication output are susceptible to 
outliers, due to low denominators; conversely, countries with very high total publication output 
could have lower SI even with much larger output in a given field. 

Additionally, the SI is an output-based measure of effort, not an input-based one. In other words, 
the SI reflects the results of invested effort but does not measure the investment itself. 
Combining SI data with input measures (e.g. money invested or FTEs allocated) can provide a 
more nuanced understanding. However, it is important to recognise that some research areas 
are inherently more expensive than others, due to factors like specialised equipment or travel 
for sample collection, so it would be inappropriate to expect all areas to be equally efficient in 
translating input investments into outputs like published articles. 

While a high SI indicates a strong focus on certain research areas, diversification also can be a 
valuable strategy. Research priorities and needs evolve over time, so research funding or 
performing entities should regularly review their research focus to ensure alignment with current 
and future societal needs. Specialisation should not hinder the pursuit of interdisciplinary 
research, which often requires combining expertise from multiple fields. 

Computation method 

 

𝑆𝐼 =  
(𝑁𝑠 𝑁𝑡⁄ )

(𝑊𝑠 𝑊𝑡⁄ )
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Where, 

Ns refers to the number of publications (FRAC, see Section 5.5.2) of an entity in a 
specific research area; 

Nt refers to the total number of publications (FRAC) of the entity in all fields of science; 

Ws refers to the number of publications (FRAC) published globally in the specific 
research area; 

Wt refers to the total number of publications (FRAC) published globally in all fields of 
science. 

5.6. International and domestic collaboration indicators 

Definition 

In bibliometrics, collaboration refers to a publication involving at least two authors. Co-
publications are defined as any such publication, with no upper limit on the number of authors 
listed, and no restrictions on how these are distributed among partnering organisations. For 
example, if 13 authors from one organisation collaborate with 1 author from another, the article 
is considered a co-publication and is counted once for each organisation. Emphasis is placed 
on the propensity of each entity to collaborate rather than on the size of its contribution relative 
to its collaborators.   

These indicators assess the extent to which an institution, region, or country engages in and 
supports collaborative research practices. In this section, the focus is on collaborations both 
within and across countries. 

Rationale and insights for decision-making 

Knowledge exchange and innovation: Collaborative research practices bring together diverse 
perspectives and expertise, often resulting in higher quality research and greater impact. 

Reputation and influence: Active participation in collaborative research can enhance a 
researcher’s or an institution’s reputation and influence within the academic community and 
beyond. 

Skills development: Collaborative research practices can contribute to the development of skills 
among researchers by bringing together practices from different disciplines. 

Career advancement and mobility: Collaborative research, especially across national borders, 
raises researchers’ profiles and opens doors to conferences, workshops, and job opportunities 
internationally. 

Research efficiency: Collaboration enables the sharing of data, infrastructure, human resources, 
and funding, increasing research efficiency. 

Addressing global challenges: Many scientific challenges (e.g. climate change, infectious 
diseases) transcend disciplinary and national boundaries. International co-publications facilitate 
access to funding, data, and facilities that may not be available locally. 

Source of data 

Abstracting and indexing database (Scopus) 

Comments/Critical issues 

For groupings of countries, the share of co-publications for the following types of co-authorships 
is presented as the weighted average (based on volume of publications) across group members. 
For example, to calculate the international co-publication rate for the EU-27, each Member 
State’s rate is multiplied by its total number of publications; these products are summed across 
all Member States and then divided by the sum of the total number of publications across 
Member States. This permits a more accurate depiction of the group members’ propensity to 
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collaborate, because multi-lateral partnerships (i.e. those with more than two countries per 
publication) count once for each country rather than only count once for the group.  

However, data on the absolute number of co-publications for the following types of co-
authorships are reported as if the group were a single country. 

The sum of single author publications (Section 5.6.1Error! Reference source not found.), 
domestic-only publications (Section 5.6.2), international co-publications (Section 5.6.3) and 
unclassified publications (Section 5.6.4) add up to the corresponding entity’s (e.g. a country) 
output as they are mutually exclusive (add up to 100 %). 

It is important to note that authorship practices vary significantly across countries and scientific 
disciplines. For example, papers in particle physics often list dozens or even hundreds of 
authors, whereas most articles in philosophy are single-authored. These differences reflect 
varying levels of collaboration and the degree of involvement required from each contributor for 
a publication to be considered a collaborative effort. Such contrasts are even more pronounced 
when comparing major divisions, such as the natural sciences and the humanities. Accordingly, 
results should be interpreted with caution when comparing entities with markedly different 
specialisation profiles or regional scientific cultures. 

5.6.1. Total number and share of single author publications 

A count of the number of single author publications. Single authorship is the antithesis of 
collaboration. The more collaborative an entity (e.g. a country) is, the lower is its share of single-
author publications. 

Computation method 

𝑆ℎ𝑎𝑟𝑒 𝑜𝑓 𝑠𝑖𝑛𝑔𝑙𝑒 𝑎𝑢𝑡ℎ𝑜𝑟 𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 =  
𝑁𝑠

𝑁𝑡

 

Where, 

Ns refers to the number of publications of an entity published by a single author 
(FULL); 

Nt refers to the total number of publications of that entity (FULL). 

5.6.2. Total number and share of domestic-only publications 

The number of publications authored exclusively by researchers affiliated with institutions in a 
single country. 

Computation method 

𝑆ℎ𝑎𝑟𝑒 𝑜𝑓 𝑑𝑜𝑚𝑒𝑠𝑡𝑖𝑐 − 𝑜𝑛𝑙𝑦 𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 =  
𝑁𝑑

𝑁𝑡

 

Where, 

Nd refers to the number of domestic-only publications of an entity (FULL); 

Nt refers to the total number of publications of that entity (FULL), 

5.6.3. Total number of international co-publications and 
international co-publication rate (ICR) 

This measures the extent to which an entity’s (i.e. a country’s) researchers and institutions 
engage in collaborative research or activities involving researchers or their counterparts in other 
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countries. Research that involves researchers from multiple countries tends to be more 
impactful than other research. 

Computation method 

𝐼𝐶𝑅 =  
𝑁𝑖

𝑁𝑡

 

Where, 

Ni refers to the number of publications of an entity published in collaboration with at 
least one author from abroad (FULL); 

Nt refers to the total number of publications of that entity (FULL). 

5.6.4. Total number and share of unclassified publications 

A count of the number of publications that could not be classified as single author, domestic-
only or international co-publications. 

Computation method 

𝑆ℎ𝑎𝑟𝑒 𝑜𝑓 𝑢𝑛𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 =  
𝑁𝑢

𝑁𝑡

 

Where, 

Nu refers to the number of unclassified publications of an entity (FULL); 

Nt refers to the total number of publications of that entity (FULL). 

5.6.5. Total and share of co-publications with the EU-27 

This measures the total and share of the publications of a country or a region (i.e. ASEAN) that 
are co-published with researchers in at least one EU-27 Member State. For non‑EU‑27 
countries/regions, this includes any co-publication with at least one researcher affiliated with an 
institution in an EU‑27 Member State. For EU‑27 Member States, it includes papers co‑authored 

with at least one researcher affiliated with an institution in another EU‑27 Member State. The 
EU-27 aggregate consists of publications that contain at least one EU-27 Member State. 

Rationale and insights for decision-making 

Fostering European research integration: Co-publications between EU-27 countries and 
between EU-27 and non-EU-27 are a direct reflection of the integration and interconnectedness 
of the European Research Area (ERA). Tracking this indicator helps monitor progress towards 
the ERA’s goal of creating a unified and competitive research landscape across Europe. 

Supporting policy objectives: The European Commission and DG RDT have prioritised cross-
border collaboration as a means to address societal challenges and strengthen Europe’s global 
research standing. This indicator provides evidence to inform and evaluate policies aimed at 
enhancing intra-EU cooperation. 

Demonstrating added value of EU framework programmes: Many EU-funded research 
programmes explicitly aim to stimulate collaboration across Member States. The co-publication 
indicator serves as a proxy for the effectiveness and impact of these programmes in building 
transnational research networks. 

Comments/Critical issues 

When computing this indicator, it is important to note that EU-27 members are not directly 
comparable to non-EU-27 countries, as each EU-27 member has one fewer potential 
collaborator within the group (they cannot collaborate with themselves). 
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Due to their geographic proximity and long-standing integration with the EU, EU-27 members 
and other European countries tend to have higher collaboration rates with the EU-27 than with 
non-EU-27 countries. Therefore, any assessment of the impact of research policies in the EU 
should employ research designs that incorporate a difference-in-differences or similar approach.  

Computation method 

𝑆ℎ𝑎𝑟𝑒 𝑜𝑓 𝑐𝑜 − 𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 𝑤𝑖𝑡ℎ 𝑡ℎ𝑒 𝐸𝑈27 =  
𝑁𝑒

𝑁𝑡

 

Where, 

Ne refers to the number of publications of a non-EU-27 entity involving a collaboration 
with the EU-27, or the number of publications of an EU-27 entity with an entity 
from another EU-27 Member State (FULL)34; 

Nt refers to the total number of publications of that entity (FULL). 

5.6.6. Total co-publications with non-EU-27 countries 

This indicator looks at papers of an entity (i.e. a country or region) that are co-published with a 
non-EU-27 country. In cases where the entity is a non-EU-27 country, such as the United States, 
the indicator counts only those papers that include at least one affiliation in another non-EU-27 
country. The indicator is based on full counting. 

Comments/Critical issues 

When computing this indicator, it is important to note that results for EU-27 Member States and 
non-EU-27 countries are not directly comparable because they have different pools of possible 
collaborators. For EU-27 Member States, any paper co-authored with at least one non-EU-27 
partner counts for this indicator. Papers that are solely intra-EU collaborations are excluded. 
For non-EU-27 countries, only papers co-authored with at least one other non-EU-27 country 
count; collaborations solely with EU-27 partners do not count. Also, a non-EU-27 country cannot 
‘collaborate with itself,’ so its possible non-EU partner pool excludes its own country. 

5.6.7. Total co-publications with EU-27 and non-EU-27 countries 

This indicator looks at papers of an entity (i.e. a country or region) that are co-published with at 
least one EU-27 country and at least one non-EU-27 country. When the entity is an EU-27 
country itself (or part of one), this indicator looks at papers of an entity involving at least one 
other EU-27 country and one non-EU-27 country. When the entity is a non-EU-27 country itself 
(or part of one), this indicator looks at papers of an entity involving at least one EU-27 country 
and one other non-EU-27 country. The indicator is based on full counting. 

5.6.8. Total and share of inter-institutional co-publications 

This indicator looks at papers of an entity involving two or more institutions. 

Computation method 

𝑆ℎ𝑎𝑟𝑒 𝑜𝑓 𝑖𝑛𝑡𝑒𝑟 − 𝑖𝑛𝑠𝑡𝑖𝑡𝑢𝑡𝑖𝑜𝑛𝑎𝑙 𝑐𝑜 − 𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛 =  
𝑁𝑖

𝑁𝑡

 

Where, 

 

34 This indicator is calculated for the EU-27 Member States as well as all other countries included in the study. 
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Ni  refers to the number of publications of an entity involving two or more institutions 
(FULL); 

Nt refers to the total number of publications of that entity (FULL). 

 

5.7. Public–private collaboration indicators 

5.7.1. Total and share of public-private co-publications (PPP) 

This indicator looks at papers that are co-published by authors from both the public and private 
economic sectors, meaning that they involve at least one researcher from industry and at least 
one from another sector. Note that the academic sector accounts for the vast majority of public 
sector publications. 

Rationale and insights for decision-making 

Practical applications: Co-publications with industry often lead to research with immediate 
practical applications, enhancing the societal impact of the institution’s research. Joint 
publications bridge the gap between theoretical research and real-world impact. 

Talent development and career paths: Academic researchers benefit from exposure to industry 
practices.  

Enhanced reputation: Co-publications with industry elevate an institution’s reputation as a hub 
for impactful, practical research. 

Economic gains: Industry–academia collaborations can lead to innovations, technology transfer, 
and commercialisation. They can also contribute to the private funding of academic institutions. 

Comments/Critical issues 

Not all collaboration between the public and private-for-profit sectors results in co-publications. 
Public–private co-publications provide only a partial, though easily produced, perspective on 
such activities. For any in-depth reporting, additional lines of evidence should be considered.  

Computation method 

𝑆ℎ𝑎𝑟𝑒 𝑜𝑓 𝑝𝑢𝑏𝑙𝑖𝑐 − 𝑝𝑟𝑖𝑣𝑎𝑡𝑒 𝑐𝑜 − 𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 =  
𝑁𝑝𝑝

𝑁𝑡

 

Where, 

Npp refers to the number of co-publications of an entity involving both the public and 
private sectors (FULL); 

Nt refers to the total number of publications of that entity where the sector could be 
 identified (FULL). 

5.8. Scholarly impact indicators 

Definition 

These indicators measure the influence or significance of academic research based on the 
frequency with which it is cited by other researchers. For important conventions applied to the 
computation of citation-based indicators of scholarly impact (e.g. removal of self-citations and 
citation windows), see Sections 5.4.4 and 5.4.5.  

Rationale and insights for decision-making 

A large proportion of highly cited publications is often used as a proxy for the quality and 
significance of research. While the link between citation counts and quality is sometimes 
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questioned, high citation scores generally indicate that the research is influential and valuable 
to others in the field. 

Reputation and visibility: High scholarly impact can enhance the reputation and visibility of 
researchers and their institutions, attracting funding, collaboration opportunities, and talented 
students and faculty. 

Knowledge contribution: Being frequently cited by other researchers indicates that the research 
is contributing to the advancement of knowledge in its field, as it is being used and built upon 
by others. 

Benchmarking: Science-Metrix scholarly impact indicators allow for fair comparisons of citation 
impact across different fields, enabling benchmarking against other institutions or researchers 
regardless of their disciplinary focus. 

Accountability and performance: Tracking scholarly impact can help institutions and researchers 
to assess their performance and demonstrate their accountability to funders, policymakers, and 
the public. 

Source of data 

Abstracting and indexing database (Scopus) 

Comments/Critical issues 

Scientific impact, as assessed by citations, is best interpreted as a measure of a publication’s 
contribution to and visibility within scientific discourse. While influential work is often highly cited, 
some highly cited papers may be controversial or based on flawed methodology. 

Although citations are generally used to acknowledge the positive influence of one piece of 
research on another, they can also serve other purposes. For example, an article may cite 
another to contradict its findings, or may reference multiple works for background information 
rather than as foundational sources. These diverse citation behaviours are treated equally in 
the calculation of citation-based indicators, which do not distinguish between the reasons for 
citation. 

Given these limitations, scientific impact analyses based on citations should be interpreted with 
caution. Additionally, it can take several years for a publication to accumulate citations, so most 
scholarly impact indicators are not calculated for publications from the most recent two years. It 
is also important to note that not all valuable research is highly cited. 

5.8.1. Total number of citations 

Number of times an entity’s publications were cited in other peer-reviewed papers using a 2-
year citation window (i.e. citations received in the year the publication is published and in the 
next two years). Self-citations are excluded from the count. Citations are computed fractionally; 
for each publication attributed to an entity (e.g. Belgium), the citation count is multiplied by the 
corresponding fractional contribution and then summed across all publications. 

𝑇𝑜𝑡𝑎𝑙 𝑐𝑖𝑡𝑎𝑡𝑖𝑜𝑛𝑠 𝑜𝑓 𝑒𝑛𝑡𝑖𝑡𝑦 𝑒 =  ∑ 𝐹𝑒𝑖𝐶𝑖

𝑛

𝑖=1

 

Where, 

Ci number of citations for publication i; 

Fei fractional contribution of entity e to publication i; 

n total number of publications attributed (at least in part) to entity e. 
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Comments/Critical issues 

To obtain an average number of citations per publication, one must use the fractional number 
of publications in the denominator. But it is preferable to use normalised citation indicators as 
introduced later in Sections 5.8.10 to 5.8.12. 

5.8.2. Total number of citations to single-author publications 

Number of times an entity’s single-author publications were cited, using a 2-year citation 
window. Self-citations are excluded from the count. More details about co-publication categories 
are presented at Section 5.6. Citations are computed fractionally (see Section 5.8.1 for more 
details). 

5.8.3. Total number of citations to domestic-only co-publications 

Number of times an entity’s domestic-only co-publications were cited using a 2-year citation 
window. For example, for Germany, this indicator counts the number of citations to non-
international (Germany-only) publications. These citations may come from papers published by 
authors with any country affiliation. Self-citations are excluded from the count. More details 
about co-publication categories are presented at Section 5.6. Citations are computed 
fractionally (see Section 5.8.1 for more details). 

5.8.4. Total number of citations to international co-publications 

Number of times an entity’s international co-publications were cited using a 2-year citation 
window. Self-citations are excluded from the count. More details about co-publication categories 
are presented at Section 5.6. Citations are computed fractionally (see Section 5.8.1 for more 
details). 

5.8.5. Total number of citations to EU-27 single country co-
publications 

Number of citations made to co-publications involving the entity (i.e. any country) and a single 
other country that is part of the EU-27, using a 2-year citation window. If the entity is an EU-27 
Member State, such as Germany, these would be citations to co-publications involving Germany 
and other non-EU countries. If the entity is a non–EU-27 country, such as the United States, 
this would be citations to US co-publications with any single EU-27 country. Self-citations are 
excluded from the count. More details about co-publication categories are presented at Section 
5.6. Citations are computed fractionally (see Section 5.8.1 for more details).  

5.8.6. Total number of citations to EU-27–only co-publications 

Number of citations received by an entity’s publications with at least two authors, where both 
authors (or all authors) are affiliated with EU-27 institutions, using a 2-year citation window.  

EU-27–only co-publications are those papers where all authors are affiliated with institutions 
within the EU-27, without any non-EU-27 collaborators. For example, for France, a paper with 
three authors, one of whom is affiliated with a French research institution and two of whom are 
affiliated with a Hungarian research institution, would be an EU-27–only co-publication and the 
citations received in the year of publication and the following two years would count toward 
France’s total for this indicator. Self-citations are excluded from the count. More details about 
co-publication categories are presented at Section 5.6. Citations are computed fractionally (see 
Section 5.8.1 for more details).  
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5.8.7. Total number of citations to EU-27 and non-EU-27 co-
publications. 

Number of times an entity’s co-publications with at least one EU-27 Member State and at least 
one non-EU-27 country were cited, using a 2-year citation window. As an example, for Brazil, a 
paper a Brazilian researcher co-publishes with a researcher affiliated with an Estonian institution 
and a researcher affiliated with a US institution would be an EU-27 and non-EU-27 co-
publication for Brazil. Citations this paper accrued in the year of publication and the following 
two years would count toward Brazil’s total citations for this indicator. Self-citations are excluded 
from the count. More details about co-publication categories are presented at Section 5.6. 
Citations are computed fractionally (see Section 5.8.1 for more details). 

5.8.8. Relative citation scores 

Counting citations can serve as a proxy for measuring contributions to subsequent knowledge 
generation. However, because citation practices vary across disciplines and sub-disciplines, 
simple citation counts can introduce unwanted biases. To address these potential distortions, 
individual publications are evaluated relative to the average citation rate, excluding self-citations 
(see Section 5.4.4), for publications of the same document type, subfield, and year as detailed 
in Section 5.4.5. This measure, known as the relative citation (RC) or field-normalised citation, 
is not used directly in this study’s analyses. Instead, it is instrumental in calculating the average 
of relative citations (ARC), the citation distribution index (CDI), and the highly cited publications 
(HCP) indicators presented below. Compared to the above citation count indicators (Sections 
5.8.1 to 0), the relative citation scores do not use a fixed citation window. 

5.8.9. Total relative citations 

The sum of the relative citation scores (calculated by dividing a publication’s citation count by 
the average citation count of publications of the same document type, subfield, and publication 
year, see Section 5.8.8 for details) of an entity’s publications using fractional counting (see 
Section 5.8.1 for more details on the fractional sum).  

5.8.10. Average relative citation (ARC) 

The average of relative citations (ARC) is the average of the relative citation scores (see Section 
5.8.8) of all the articles published by a given entity. The ARC is normalised to 1, meaning that 
an ARC above 1 indicates that the entity’s articles have higher-than-average impact, an ARC 
below 1 means that the entity’s articles have lower-than-average impact, and an ARC near 1 
means that the publications have near-average impact. The ARC is calculated using fractional 
counting as follows: 

𝐴𝑅𝐶 𝑜𝑓 𝑒𝑛𝑡𝑖𝑡𝑦 𝑒 = ∑ 𝐹𝑒𝑖(𝑅𝐶𝑖)

𝑛

𝑖=1

∑ 𝐹𝑒𝑖

𝑛

𝑖=1

⁄  

Where, 

𝑛 Total number of publications attributed (at least in part) to entity e; 

𝑅𝐶𝑖 Relative citation score of paper i; 

𝐹𝑒𝑖 Fraction of paper i attributed to entity e using fractional counting; 

Because RC scores are known to be skewed in their distribution – with a small number of papers 
receiving a large share of the total citations – the ARC offers a useful snapshot of overall 
performance but can hide important underlying nuances. 
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5.8.11. Citation distribution chart and citation distribution index 

The citation distribution chart (CDC) (Figure 1) is a tool that facilitates a simple but nuanced 
visual inspection of an entity’s research impact relative to worldwide performance. To prepare 
these charts, Science-Metrix divides all Scopus publications in a given subfield into 10 groups 
of equal sizes, or ‘deciles’,35 based on their RC scores. The 1st decile contains the 10  % of 
publications with the lowest RC scores; the 10th decile contains the 10  % of publications with 
the highest RC scores. 

For a given research entity, it is expected that the RC scores of its publications will follow the 
global distribution, with an equal number of publications falling in each of the deciles. The CDC 
for a given entity compares that entity’s scientific impact to the global level by showing how its 
performance compares to the world level in each of the deciles.  

The CDC shows 10 colour-coded bars for a hypothetical entity; each bar represents the relative 
presence of this entity’s papers in each corresponding decile. The world level, in contrast, is 
represented by the central horizontal line, with no bars, as it represents the uniform distribution 
of all the publications across the 10 deciles. The bar’s colour shows whether the specific entity 
has more or fewer publications in that decile than expected (i.e. the horizontal line). A green bar 
denotes production exceeding expectation in that decile, a red bar denotes production below 
expectation in that decile, and the length of the bar shows how far above/below expectation the 
entity is in that decile. Consequently, the longer the red bar, the fewer the articles that are found 
in that decile relative to expectation. Conversely, the longer the green bar, the more publications 
are found in that decile, again relative to expectation. Cases where a decile has no bar 
associated with it show that the entity’s performance is exactly in line with the expectation based 
on global performance. Accordingly, a CDC with no visible bars shows that the entity in question 
has 10 % of its papers in the 1st global decile, 10 % of its papers in the 2nd global decile, and 
so on, which, as previously noted, corresponds to the world distribution of papers based on their 
RC scores. 

To produce the CDI, the fractional share of an entity’s output in each decile is first divided by 
the expected share of 10 %. The resulting score is then multiplied by a weight ranging from -5 
(for the least cited decile) to +5 (for the most cited decile); thus, having a higher-than-expected 
number of publications in the 1st decile (i.e. the lowest-impact decile) will reduce the CDI more 
than having a higher-than-expected number of publications in the 2nd decile. Finally, the 
weighted scores across deciles are summed to calculate the CDI for the entity. The CDI ranges 
from -50 (worst-case scenario) to 50 (best-case scenario) with 0 representing parity with the 
world level and can be depicted graphically using a spark chart called the citation distribution 
chart (CDC). The CDI ranges from -50 (worst-case scenario) to 50 (best-case scenario) with 0 
representing parity with the world level. Compared to mean-based normalised citation metrics, 
the combined use of the CDC and CDI makes it possible to provide reliable citation metrics even 
when dealing with entities having produced few publications (from 10 to a couple of hundred).36 

 

35Two adjustments are made to ensure high-quality results: (a) when multiple publications are tied in their RC 

scores at the margin between two deciles, those papers are assigned to the higher (more cited) decile and 
fractioned so that their total matches the number of available places at the threshold; (b) when the total 
number of publications is not divisible by 10, papers are fractioned to ensure that each decile contains exactly 
one-tenth of the total, maintaining equal group sizes. 

36 Campbell, D., Tippett, C., Côté, G., Roberge, G., & Archambault, É. (2016). An approach for the condensed 

presentation of intuitive citation impact metrics which remain reliable with very few publications. In I. Rafols, 
J. Molas-Gallart, E. Castro-Martínez, & R. Woolley (Eds.), Proceedings of the 21st International Conference 
on Science and Technology Indicators, pp. 1229–1240. Valencia, Spain. doi:10.4995/STI2016.2016.4543. 



 

83 

 

Figure 1. Sample of citation distribution chart. 

5.8.12. Total number of top 1 % and top 10 % most cited publications 
and share among the top 1 % and top 10 % most cited (HCP1 
and HCP10) 

Two measures of highly cited publications were produced using fractional counting and 
presented as both a total number and a share of publication output: 

Total number of an entity’s publications that are among the top 1 % and 10 % most cited in their 
respective fields according to the relative citation scores. (Relative citation score (RC) accounts 
for varying citations practices across disciplines and subdisciplines. It is calculated by dividing 
a publication’s citation count by the average citation count of publications of the same document 
type, subfield, and publication year; see Section 5.8.8 for details). 

The share among the ‘top 1  %’ or ‘top 10  %’ refers to the proportion of an entity’s publications 
that are among the most cited percentile (for 1 %) or decile (for 10 %) in their respective fields. 

An entity with a share of ‘top 10  % most cited papers’ higher than 10 % would be producing 
more highly cited publications than would be expected. 

Computation method 

𝑆ℎ𝑎𝑟𝑒 𝑎𝑚𝑜𝑛𝑔 𝑡𝑜𝑝  % =  
𝑁𝑥 %

𝑁𝑡𝑒

 

Where, 

Nx % refers to the number of an entity’s publications among the top x % most cited 
(FRAC); 

Nte  refers to the total number of publications of that entity (FRAC), excluding those 
with no relative citation score (FRAC). 

5.9. Open access indicators 

Definition 

Open access publications are those research outputs that are available online, free of access 
charges or other barriers. All forms of published research output, including peer-reviewed 
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journal articles and conference papers, can be made available as open access. In this study, 
data was produced for open access publications of four different types: gold, bronze, hybrid and 
green.37 

Rationale and insights for decision-making 

Global accessibility: Open access contributes to a more equitable and inclusive research 
ecosystem, where researchers, students, policymakers, and the public can access scholarly 
work freely. 

Research impact and visibility: Open access articles tend to receive more views, downloads, 
and citations compared to articles behind paywalls. 

Collaboration: OA facilitates collaboration and knowledge exchange. 

Compliance with funding mandates: Many funding agencies require researchers to make their 
work openly accessible.  

Source of data 

Abstracting and indexing database (Scopus) 
Database of scholarly articles available in open access (Unpaywall) 

Comments/Critical issues 

Open access publishing often involves article processing charges (APCs), which can be a 
significant cost. Open access can help promote equity in access to research findings, but it is 
important to also consider equity in the ability to publish in open access. In addition, with the 
rise of open access, there has also been a rise in predatory publishers who charge APCs but 
do not provide proper editorial services. 

5.9.1. Share of OA papers published in peer-reviewed journals 

The percentage of research outputs that are available online, free of access charges or other 
barriers. Open access can be applied to all forms of published research output, including peer-
reviewed journal articles, conference papers, and reviews. It is computed for OA overall as well 
as by type of open access. Note that the computation method presented below remains the 
same per open access type, with only the numerator changing to reflect the count of OA 
publications by open access type. 

Computation method 

𝑆ℎ𝑎𝑟𝑒 𝑜𝑓 𝑂𝐴 𝑝𝑎𝑝𝑒𝑟𝑠 =  
𝑁𝑂𝐴

𝑁𝑡

 

Where, 

NOA refers to the number of OA publications of an entity (FULL); 

Nt   refers to the total number of publications (excluding documents missing a DOI, 
see Section 2.7.1) of that entity (FULL). 

 

37 Gold OA publications are those published in open access journals and freely available. Hybrid are free to read 

at the time of publication but are published in journals with non-OA articles and may require an article 
processing charge. Bronze OA refers to articles that are available on publisher websites, but do not have an 
explicit licence. Green OA articles are available in an OA repository, independently from publication by a 
publisher, often after an ‘embargo period’ has elapsed. 
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5.9.2. Total citations to open access publications 

The total number of citations made to publications of a specific OA type (all OA, green, gold, 
hybrid, bronze, or non-OA) using fractional counting (see Section 5.8.1 for more details) and a 
2-year citation window. Self-citations are excluded from the count. 

5.10.  Gender equality indicators 

Definition 

These indicators measure the representation and participation of people of different genders 
(male or female) in research. 

Rationale and insights for decision-making 

Diversity and inclusion: Diversity is an essential aspect of academic environments. Encouraging 
diverse teams fosters inclusion, creativity, and different perspectives. By examining the share 
of outputs across different team compositions, we can assess whether diversity, and what type 
of diversity, is being actively promoted in research collaborations. 

Policy and interventions: Policymakers and institutions can use these indicators as a measure 
of the diversity and inclusiveness of a university or higher education institution, informing 
decision-making about equality, compliance, reputation, and funding. If specific groups are 
underrepresented in certain fields, targeted initiatives can be designed to encourage diversity 
in team composition 

Source of data 

Abstracting and indexing database (Scopus) 
Namsor as a gender inference tool 

Comments/Critical issues 

As the gender is inferred using given and family names, it can only be binary. The use of such 
metrics must respect the privacy of the individuals involved and must not be used to stereotype 
or discriminate against certain groups. Differences in representation may reflect broader 
systemic issues, rather than individual choices or abilities. While tracking diversity can be 
valuable, overemphasis on these metrics should be avoided as it could lead to tokenism or 
reduce individuals to their demographic characteristics. 

5.10.1. Proportion of women as first authors on all scientific 
publications 

The proportion of publications with a woman as the first author in the author list of a publication. 
This provides a perspective on the extent and type of gender participation in research for a given 
entity. The equivalent proportions are also computed for man and authors of undefined gender. 

Computation method 

𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑤𝑜𝑚𝑒𝑛 𝑓𝑖𝑟𝑠𝑡 𝑎𝑢𝑡ℎ𝑜𝑟𝑠 =  
𝑁𝑤𝑓

𝑁𝑡𝑠

 

Where, 

Nwf refers to the number of publications of an entity with a woman as first author 
(FRAC); 

Nts refers to the total number of publications of that entity (FRAC). 

While all proportions are initially based on the total count of publications, there is always a 
proportion for undefined categories (e.g. women, men, and undefined). To address this, 



 

86 

corrected proportions are also computed, using only the defined counts in the denominator. For 
instance, the corrected proportion for the share of women first authors is: 

𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 𝑝𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑤𝑜𝑚𝑒𝑛 𝑓𝑖𝑟𝑠𝑡 𝑎𝑢𝑡ℎ𝑜𝑟𝑠 =  
𝑁𝑤𝑓

𝑁𝑤𝑓 + 𝑁𝑚𝑓

 

Where, 

Nwf refers to the number of publications of an entity with a woman as first author 
(FRAC); 

Nmf refers to the number of publications of an entity with a man as first author (FRAC). 

These corrected proportions are computed for all gender indicators in Section 5.10. 

5.10.2. Proportion of women as last authors on all scientific 
publications 

The proportion of publications with a woman as the last author in the author list of a publication. 
The equivalent proportions are also computed for man and authors of undefined gender. 

Computation method 

𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑤𝑜𝑚𝑒𝑛 𝑙𝑎𝑠𝑡 𝑎𝑢𝑡ℎ𝑜𝑟𝑠 =  
𝑁𝑤𝑙

𝑁𝑡

 

Where, 

Nwl refers to the number of publications of an entity with a woman as last author 
(FRAC); 

Nt refers to the total number of publications of that entity (FRAC). 

5.10.3. Proportion of women as corresponding authors on all 
scientific publications 

The proportion of publications with a woman as the corresponding author. This provides a 
perspective on the extent and type of gender participation in research for a given entity. The 
equivalent proportions are also computed for man and authors of undefined gender. 

Computation method 

𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑤𝑜𝑚𝑒𝑛 𝑐𝑜𝑟𝑟𝑒𝑠𝑝𝑜𝑛𝑑𝑖𝑛𝑔 𝑎𝑢𝑡ℎ𝑜𝑟𝑠 =  
𝑁𝑤𝑐

𝑁𝑡

 

Where, 

Nwc refers to the number of publications of an entity with a woman as corresponding 
author (FRAC); 

Nt refers to the total number of publications of that entity (FRAC). 

5.10.4. Proportion of women sole authors on all single-author 
publications 

The proportion of publications with a woman as sole author among single-author publications. 
This provides a perspective on the extent and type of gender participation in research for a given 
entity. The equivalent proportions are also computed for men authors and authors of undefined 
gender. 
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Computation method 

𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑤𝑜𝑚𝑒𝑛 𝑠𝑜𝑙𝑒 𝑎𝑢𝑡ℎ𝑜𝑟𝑠 =  
𝑁𝑤𝑠

𝑁𝑡𝑠

 

Where, 

Nws refers to the number of publications of an entity with a woman as sole author 
(FRAC); 

Nts refers to the total number of single-author publications of that entity (FRAC). 

5.10.5. Share of women authorship on all scientific publications 

The proportion of an entity’s research output that is attributable to women authors. The 
equivalent proportions are also computed for men and authors of undefined gender. 

Computation method 

𝑆ℎ𝑎𝑟𝑒 𝑜𝑓 𝑤𝑜𝑚𝑒𝑛 𝑎𝑢𝑡ℎ𝑜𝑟𝑠ℎ𝑖𝑝 𝑜𝑓 𝑒𝑛𝑡𝑖𝑡𝑦 𝑒 =  ∑ 𝐹𝑒𝑖 (
𝑊𝑖

𝐴𝑖

)

𝑛

𝑖=1

∑ 𝐹𝑒𝑖

𝑛

𝑖=1

⁄  

Where, 

Wi refers to the number of women authors on publication I; 

Ai refers to the number of authors on publication I; 

Fei Fraction of paper I attributed to entity e using fractional counting; 

n refer to total number of publications attributed (at least in part) to entity e. 

5.10.6. Proportion of output of mixed gender teams on all scientific 
publications 

The proportion of an entity’s research output that includes at least one woman and one man as 
authors on publications. 

Computation method 

𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑚𝑖𝑥𝑒𝑑 𝑔𝑒𝑛𝑑𝑒𝑟 𝑡𝑒𝑎𝑚𝑠 𝑎𝑢𝑡ℎ𝑜𝑟𝑠ℎ𝑖𝑝 =  
𝑁𝑚𝑔

𝑁𝑡

 

Where, 

Nmg refers to the number of publications of an entity involving at least one woman and 
one man (FRAC); 

Nt refers to the total number of publications of that entity (FRAC). 

5.10.7. Proportion of output of sole gender teams on all scientific 
publications 

The proportion of an entity’s research output that has at least two authors, and from the same 
gender only. 

Computation method 

𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑠𝑜𝑙𝑒 𝑔𝑒𝑛𝑑𝑒𝑟 𝑡𝑒𝑎𝑚𝑠 𝑎𝑢𝑡ℎ𝑜𝑟𝑠ℎ𝑖𝑝 =  
𝑁𝑠𝑔

𝑁𝑡

 

Where, 
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Nsg refers to the number of publications of an entity involving at least two authors, and 
all authors being from the same gender (FRAC); 

Nt refers to the total number of publications of that entity (FRAC). 

5.10.8. Proportion of output of unknown composition teams on all 
scientific publications 

The proportion of an entity’s research output for which team composition cannot be defined 
under the other categories. This status is assigned when there are authors of undefined gender, 
making categorisation under certain categories impossible. For example, in a publication with 
two authors, one woman and one of undefined gender, it is not possible to determine whether 
the team is mixed-gender or single-gender. 

Computation method 

𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑢𝑛𝑘𝑛𝑜𝑤𝑛 𝑐𝑜𝑚𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑡𝑒𝑎𝑚𝑠 𝑎𝑢𝑡ℎ𝑜𝑟𝑠ℎ𝑖𝑝 =  
𝑁𝑢

𝑁𝑡

 

Where, 

Nu refers to the number of publications of an entity coming from a team of unknown 
composition (FRAC); 

Nt refers to the total number of publications of that entity (FRAC). 

5.11. Researcher mobility indicators 

Definition 

Indicators of researcher mobility measure the movement of researchers into and out of a specific 
country or region. Specifically, inflow indicators quantify the number of researchers entering a 
country from other regions (e.g. from EU-27 countries), while outflow indicators track those 
leaving the country to work elsewhere. These metrics provide insights into the dynamics of 
researcher exchange, talent retention, and the attractiveness of a country for scientific careers. 

Rationale and insights for decision-making 

Indicators of researcher mobility help assess a country or region’s ability to attract and retain 
scientific talent, which is vital for innovation and research excellence. They enable policymakers 
to identify strengths and weaknesses in their research environment, formulate targeted 
strategies to improve talent attraction, and monitor the impact of policies over time. For example, 
they can help assess progress towards policies such as the free circulation of knowledge and 
skills across Europe. Ultimately, these indicators support informed decision-making to enhance 
a country or region’s research capacity and global competitiveness. 

Source of data 

Abstracting and indexing database (Scopus) 

Comments/Critical issues 

Science-Metrix used high-quality author profiles in Scopus, known as Author Identifiers (AUID), 
to measure mobility. These profiles effectively disambiguate author names with high precision 
and recall, allowing for the reconstruction of each unique researcher’s full publication history in 
Scopus. The AUID system has proven reliable for large-scale bibliometric evaluations, though 
precision remains a challenge for some Asian names.38 However, this limitation is expected to 

 

38 Campbell, D., & Struck, B. (2019). Reliability of Scopus author identifiers (AUIDs) for research evaluation 

purposes at different scales. 17th International Conference of the International Society for Scientometrics 
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have minimal impact in the context of the current study. To address some of the limitations 
linked to AUIDs, AUIDs publishing in 10 or more country-affiliations were excluded. Similarly, 
AUIDs publishing in 10 or more Science-Metrix fields were excluded. 

To measure mobility, researchers are included if there is a minimum of eight years between 
their first and most recent publication in Scopus, and they must have at least two publications 
to be counted. Researchers whose initial or final countries could not be identified were excluded 
from the analysis.  

Three cohorts were considered for analysis, as defined by their first year of publication identified 
in the Scopus database: 

• 2005–2007 

• 2008–2010 

• 2011–2013 

 
It should be noted that because this indicator assesses only the first and last publication year, 
the mobility of a researcher who moves to another country and publishes there, but then moves 
back to the country of first publication, would not be captured. 
 

Additional considerations: 

• Context-specific interpretation: Mobility patterns can vary significantly across disciplines, 
career stages, and geographic regions. 

• Motivations behind mobility: The indicators do not capture the reasons for mobility, such as 
career development, institutional policies, or personal circumstances, all of which are 
important for understanding the implications. 

• Potential for misinterpretation: High mobility may reflect positive opportunities or challenges; 
without context, it can be misinterpreted as either an asset or a sign of instability. 

5.11.1. Inflow of researchers to a given EU-27 country  

Number of researchers with at least one publication in the EU-27 country of reference during 
their final publication year, who had at least one publication in any other country (including non–
EU-27 countries) during their first publication year. The indicator is also normalised by the total 
inflow of researchers for the corresponding EU-27 country, accounting for the total number of 
inflowing researchers to the EU-27 country, regardless of country of origin. 

Computation method 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑖𝑛𝑓𝑙𝑜𝑤 𝑡𝑜 𝐸𝑈 − 27 𝑐𝑜𝑢𝑛𝑡𝑟𝑦 𝑋 𝑓𝑟𝑜𝑚 𝑐𝑜𝑢𝑛𝑡𝑟𝑦 𝑌 =  
𝐼𝑥𝑦

𝐼𝑡𝑥

 

Where, 

Ixy refers to the number of inflowing researchers to EU-27 country X coming from 
country Y (FULL); 

Itx refers to the total number of inflowing researchers to EU-27 country X (FULL). 

 

and Informetrics (ISSI), 2-5 September 2019, Proceedings Vol. II, 1276–1287. Retrieved from http://issi-
society.org/publications/issi-conference-proceedings/proceedings-of-issi-2019/ 
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5.11.2. Outflow of researchers to EU-27 countries from a given 
country 

Number of researchers with at least one publication in the EU-27 country of reference during 
their first publication year, who had at least 1 publication in any other country (including non-
EU-27 countries) during their final publication year. The indicator is also normalised by the total 
outflow of researchers for the corresponding country, accounting for the total number of 
outflowing researchers from the EU-27 country, regardless of country of destination. 

Computation method 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑜𝑢𝑡𝑓𝑙𝑜𝑤 𝑓𝑟𝑜𝑚 𝐸𝑈 − 27 𝑐𝑜𝑢𝑛𝑡𝑟𝑦 𝑋 𝑡𝑜 𝑐𝑜𝑢𝑛𝑡𝑟𝑦 𝑌 =  
𝑂𝑥𝑦

𝑂𝑡𝑥

 

Where, 

Oxy refers to the number of outflowing researchers from EU-27 country X to country Y 
(FULL); 

Otx refers to the total number of outflowing researchers from EU-27 country X(FULL). 

5.12. Altmetric indicators (impact beyond the scientific 
community) 

Definition 

It is expected, and hoped, that scientific knowledge permeates beyond the academic community 
and is taken up by society. Mentions and citations in different media (also referred to as 
altmetrics) and citations in policy-related documents are ways of measuring the longer-term 
societal impacts of research. 

Rationale and insights for decision-making 

Visibility and impact: Mentions of academic research in the media, policy-related documents, 
Wikipedia, PubMed guidelines, and other public platforms can serve as indicators of the visibility 
and societal impact of research. Such uptake suggests that the research is relevant, interesting, 
and potentially influential in shaping public opinion, policy, or professional practice. 

Public engagement: Coverage in these channels makes research more accessible and 
comprehensible to a wider audience, fostering greater public engagement and understanding 
of the importance of academic research. 

Knowledge dissemination: Uptake in media, policy documents, and widely used resources like 
Wikipedia and PubMed guidelines plays a significant role in disseminating research findings to 
a broad audience, including other researchers, policymakers, practitioners, and the general 
public. 

Accountability and transparency: Public visibility of research through these channels can help 
hold researchers and institutions accountable for their work, promoting transparency and trust 
in academic research. 

Source of data 

Abstracting and indexing database (Scopus)  
Corresponding database of altmetric mentions (PlumX for uptake in the media, Overton for 
uptake in policy-related documents, PubMed for uptake in clinical guidelines, and Wikipedia) 

Comments/Critical issues 

A high number of altmetric mentions—such as those in media, policy documents, Wikipedia, or 
social media—does not necessarily indicate high-quality research. Sensational or trending 
topics may attract attention regardless of their scientific merit, and an overemphasis on altmetric 
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indicators can lead to a focus on 'media-friendly' research at the expense of other important 
work. Additionally, altmetric counts can potentially be manipulated, for example, through 
excessive self-promotion or the use of automated bots on social platforms. It is also important 
to note that the data sources for these altmetric signals come with their own set of coverage 
biases, and interpretation of results should account for such biases, as detailed in Section 2. 

While traditional bibliometric indicators are often normalised across publication years and 
disciplines to account for differences in citation practices, normalisation can be challenging 
when citation or altmetric events are rare, sometimes resulting in extreme outliers. To address 
these issues, altmetric indicators in this study were normalised using a new difference-based 
approach developed internally. This difference-based normalisation subtracts the world 
proportion (for papers of the same year, field, and document type) from the paper’s binary 
uptake score (1 or 0) and aggregates these values at the unit of analysis. More details about 
the paper-level normalisation are provided in a recent peer-reviewed conference paper.39 

5.12.1. Share and normalised share of publications cited in Wikipedia 

This indicator refers to instances where a publication is cited or referenced on a Wikipedia page. 
The normalised share adjusts for differences in uptake across publication years and disciplines, 
providing a more accurate comparison. 

Computation method 

𝑆ℎ𝑎𝑟𝑒 𝑜𝑓 𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 𝑐𝑖𝑡𝑒𝑑 𝑖𝑛 𝑊𝑖𝑘𝑖𝑝𝑒𝑑𝑖𝑎 =  
𝑁𝑤

𝑁𝑡

 

Where, 

Nw refers to the number of an entity’s publications cited or referenced at least once in 
a Wikipedia page (FULL); 

Nt refers to the total number of publications of that entity (excluding documents 
missing a DOI) (FULL). 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑒𝑑 𝑠ℎ𝑎𝑟𝑒 𝑜𝑓 𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 𝑐𝑖𝑡𝑒𝑑 𝑖𝑛 𝑊𝑖𝑘𝑖𝑝𝑒𝑑𝑖𝑎 =  
𝑆𝑜

𝑆𝑒

 

Where, 

So refers to the entity’s share of publications cited in Wikipedia (observed) (FULL); 

Se refers to the expected share of publications cited in Wikipedia (expected) (FULL). 

So and Se are computed following the difference-based normalisation method described by 
Pinheiro & Campbell. This difference-based normalisation subtracts the world proportion (for 
the same year, field, and document type as a given paper) from the paper’s binary uptake score 
(1 or 0) and aggregates these values at the unit of analysis (see footnote 39). 

 

39  Pinheiro, H., & Campbell, D. (2023). Normalization of rare citation events in the context of uptake of 

research in the non-scientific literature. Proceedings of the 27th International Conference on Science, 
Technology and Innovation Indicators. (https://dapp.orvium.io/deposits/64b5a25230daf58ded277423/view) 

https://dapp.orvium.io/deposits/64b5a25230daf58ded277423/view
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5.12.2. Share and normalised share of publications cited by news 
items 

This refers to when a publication is cited or referenced within a news item indexed in the PlumX 
database. The normalised share adjusts for differences in uptake across publication years and 
disciplines, providing a more accurate comparison. 

Computation method 

𝑆ℎ𝑎𝑟𝑒 𝑜𝑓 𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 𝑐𝑖𝑡𝑒𝑑 𝑏𝑦 𝑛𝑒𝑤𝑠 𝑖𝑡𝑒𝑚𝑠 =  
𝑁𝑛

𝑁𝑡
 

Where, 

Nn refers to the number of an entity’s publications cited by news items (FULL); 

Nt refers to the total number of publications of that entity (excluding documents 
missing a DOI) (FULL). 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑒𝑑 𝑠ℎ𝑎𝑟𝑒 𝑜𝑓 𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 𝑐𝑖𝑡𝑒𝑑 𝑏𝑦 𝑛𝑒𝑤𝑠 𝑖𝑡𝑒𝑚𝑠 =  
𝑆𝑜

𝑆𝑒

 

Where, 

So refers to the entity’s share of publications cited by news items (observed) (FULL); 

Se  refers to the expected share of publications cited by news items (expected) 
(FULL). 

So and Se are computed following the difference-based normalisation method described by 
Pinheiro & Campbell (see footnote 39). The difference-based normalisation subtracts the world 
proportion (for the same year, field, and document type as a given paper) from the paper’s 
binary uptake score (1 or 0) and aggregates these values at the unit of analysis. 

5.12.3. Share and normalised share of publications cited by PubMed 
guidelines 

This refers to when a publication is cited or referenced within a PubMedguidelines. The 
normalised share adjusts for differences in uptake across publication years and disciplines, 
providing a more accurate comparison. 

Computation method 

𝑆ℎ𝑎𝑟𝑒 𝑜𝑓 𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 𝑐𝑖𝑡𝑒𝑑 𝑏𝑦 𝑃𝑢𝑏𝑀𝑒𝑑 𝑔𝑢𝑖𝑑𝑒𝑙𝑖𝑛𝑒𝑠 =  
𝑁𝑝

𝑁𝑡

 

Where, 

Np refers to the number of an entity’s publications cited by PubMed guidelines (FULL); 

Nt refers to the total number of publications of that entity (FULL). 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑒𝑑 𝑠ℎ𝑎𝑟𝑒 𝑜𝑓 𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 𝑐𝑖𝑡𝑒𝑑 𝑏𝑦 𝑃𝑢𝑏𝑀𝑒𝑑 𝑔𝑢𝑖𝑑𝑒𝑙𝑖𝑛𝑒𝑠 =  
𝑆𝑜

𝑆𝑒

 

Where, 

So refers to the entity’s share of publications cited in PubMed guidelines (observed) 
(FULL); 

Se refers to the expected share of publications cited in PubMed guidelines (expected) 
(FULL). 
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So and Se are computed following the difference-based method described by Pinheiro & 
Campbell. This difference-based normalisation subtracts the world proportion (for the same 
year, field, and document type as a given paper) from the paper’s binary uptake score (1 or 0) 
and aggregates these values at the unit of analysis (see footnote 39). 

5.12.4. Share and normalised share of publications cited in policy 
documents 

This refers to when a publication is cited or referenced within policy-related documents. These 
documents can include local, national, or international policy statements, guidelines, 
regulations, or strategies developed by government agencies, non-governmental organisations, 
or international bodies. The normalised share adjusts for differences in uptake across 
publication years and disciplines, providing a more accurate comparison. 

Computation method 

𝑆ℎ𝑎𝑟𝑒 𝑜𝑓 𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 𝑐𝑖𝑡𝑒𝑑 𝑖𝑛 𝑝𝑜𝑙𝑖𝑐𝑦 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠 =  
𝑁𝑝

𝑁𝑡

 

Where, 

Np refers to the number of an entity’s publications cited or referenced in a policy 
document as indexed in the Overton database (FULL); 

Nt refers to the total number of publications of that entity (excluding documents 
missing a DOI, see Section 2.6.1) (FULL). 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑒𝑑 𝑠ℎ𝑎𝑟𝑒 𝑜𝑓 𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 𝑐𝑖𝑡𝑒𝑑 𝑖𝑛 𝑝𝑜𝑙𝑖𝑐𝑦 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠 =  
𝑆𝑜

𝑆𝑒

 

Where, 

So refers to the entity’s share of publications cited in policy documents as indexed in 
the Overton database (observed) (FULL); 

Se  refers to the expected share of publications cited in policy documents as 
indexed in the Overton database (expected) (FULL). 

So and Se are computed following the difference-based method described by Pinheiro & 
Campbell (see footnote 39). This difference-based normalisation subtracts the world proportion 
(for the same year, field, and document type as a given paper) from the paper’s binary uptake 
score (1 or 0) and aggregates these values at the unit of analysis. 

6. Data quality assurance plan 

The project’s approach to data quality assurance is rooted in the best practices of National 
Statistical Offices which have been adapted by the study team for large-scale bibliometric and 
technometric data production. Our philosophy is to embed quality assurance (QA) at every stage 
of the data lifecycle, from initial data ingestion to final indicator delivery, ensuring that all outputs 
are robust, reliable, and fit for purpose. This plan outlines the multi-dimensional QA framework 
applied across all indicator types and data sources, with practical examples drawn from the 
study team’s experience with Scopus and related pipelines. 

6.1. QA philosophy and principles 

Our QA philosophy is built on the following principles: 
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• Automation and reproducibility: Automated workflows minimise human error and ensure 
that every step in the data production pipeline is documented, versioned, and reproducible. 

• Embedded validation: QA checks are integrated throughout the pipeline, not just at the 
end, allowing for early detection and correction of issues. 

• Peer review and transparency: All code and methodological changes are subject to peer 
review, with full traceability via version control systems. 

• Continuous improvement: QA processes are regularly reviewed and updated to 
incorporate new best practices and respond to evolving project needs. 

• Data privacy and security: All data handling complies with GDPR and institutional data 
protection policies. 

6.2. Data management and processing system 

6.2.1. Automated production pipeline 

The study team employs robust, automated data processing pipelines. Regardless of their 
implementation (e.g. local SQL servers, multi-language (SQL, Python), these pipelines allow 
seamless integration with version control systems such as GitHub. Some pipelines are 
sequential. For example, the production of publication-based indicators relies on two workflows: 
one for producing a Scopus production-ready database and one specific to the production of 
Scopus-derived data from this project. 

Key features: 

• Sequential, automated workflows: Each pipeline consists of a series of linked notebooks, 
each responsible for a specific data treatment task (e.g. data cleaning, enrichment, indicator 
computation). 

• Data enrichment: Institutional dictionaries, sector coding, regional mappings (e.g. countries 
and NUTS regions), field-normalised impact metrics, open access status, policy citations, 
and altmetrics are systematically added. 

• Version control and peer review: Systems such as GitHub or a similar platform are used. 
When an analyst develops or updates a data processing script, changes are committed to a 
feature branch and a pull request is submitted for peer review. Another team member 
reviews the proposed changes, and only after approval can the code be merged into the 
main branch. This process ensures that all modifications are peer-reviewed, fully 
documented, and can be traced or reverted if necessary. 

• Automated QA checks: At critical steps, automated tests validate data integrity, 
completeness, and coherence, halting the pipeline if issues are detected. 

Example:  

In the Scopus pipeline, 21 Databricks notebooks are linked to process raw data into enriched 
Delta tables, ready for indicator production. The workflow is scheduled to run automatically, 
ensuring timely updates and minimizing manual intervention. 

6.2.2. Data storage and security 

• Relational database architecture: All processed data and indicators are stored in a secure, 
relational database (Databricks), facilitating efficient querying, linking, and validation. 

• Golden Master version: Once indicators are validated, the project databases are set to 
read-only mode to preserve the integrity of the final deliverables. 
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6.3. Data quality dimensions 

Our QA framework addresses the following dimensions, adapted from National Statistical Office 
guidelines: 

6.3.1. Relevance 

Indicators are selected to maximise relevance to project objectives and stakeholder needs, 
ensuring coverage across years, countries, and thematic areas. The selection process is 
informed by prior experience and ongoing dialogue with the Commission and based on the 
requirements set in the tender specifications. Each indicator presented in this Handbook 
includes a rationale for inclusion detailing the type of insights it can provide in support of decision 
making. 

6.3.2. Accuracy 

Accuracy is defined as the closeness of computed indicators to the true, albeit unknown, values 
they aim to represent. Two main sources of error are considered. 

• Sampling errors: While bibliometric databases like Scopus do not cover all global scientific 
output, their extensive, curated coverage (e.g. 87 million records, 7 000+ publishers) 
provides a reliable basis for indicator computation. Inclusion criteria are rigorously enforced 
by an independent advisory board (e.g. Scopus Content Selection and Advisory Board) to 
ensure the quality of its content. 

• Non-sampling errors: Inconsistencies in indexing, author names, and institutional 
addresses are mitigated through intensive data cleaning and harmonisation (see Section 
5.2). For example, the Science-Metrix institutional dictionary links 90 % of Scopus addresses 
to institutional profiles, with ongoing updates to capture mergers and new variants. 

A note of the accuracy of custom classifications: Custom thematic datasets (e.g. SDGs, Horizon 
Europe Missions) are constructed using keyword-based queries and machine learning 
algorithms. Recall and precision rates are estimated and reported in the relevant sections of the 
Handbook (see Section 5.1). 

• Recall: Percentage of relevant records retrieved by a query. 

• Precision: Percentage of retrieved records that are truly relevant. 

6.3.3. Timeliness and punctuality 

• Timeliness: The lag between the reference period and data delivery is minimised through 
automated, scheduled pipeline runs and by synchronizing the delivery of data to the 
Commission with the release schedules of the various data providers. For example, patent 
data production is timed to follow the release of the fall version of PATSTAT by the EPO, 
which typically occurs in late November or early December. For publication data, the 
production pipeline is launched at the end of February or early March, once at least 95 % of 
the prior year’s content is available in Scopus. This approach ensures that the most complete 
and up-to-date data are used for indicator production, while also aligning deliverables with 
the latest data releases from key sources. 

• Punctuality: Deliverables are tracked against agreed timelines, and any delays are 
documented along with their causes and resolutions in regular activity reports. 
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6.3.4. Accessibility and clarity 

• Data delivery: Indicators and tables are delivered in standardised formats (e.g. Excel), with 
clear documentation (e.g. readme tabs) and table notes. 

• User support: The Project Manager ensures that clients have timely access to data and 
understand its structure and limitations. 

6.3.5. Comparability 

Comparability is ensured across regions, fields, and time periods through: 

• Coverage analysis: Potential biases (e.g. linguistic, disciplinary, temporal) are identified 
and, where possible, mitigated through normalisation. Limitations of data sources are clearly 
stated in Section 2, while indicator-specific limitations are reported in the ‘Comments/Critical 
issues’ section for each indicator. 

• Standardised mappings: Consistent use of country, region, and field codes (e.g. NUTS, 
Science-Metrix, Frascati) facilitates both cross-sectional and longitudinal comparisons. 

6.3.6. Coherence 

Coherence is assessed both internally (within tables) and externally (across tables and 
editions): 

• Internal coherence: Automated tests verify that sums and aggregates match expected 
totals. 

• External coherence: Time series for each indicator, classification scheme, and entity are 
compared to prior editions to identify significant departures. For example, publication counts 
for a country in the current year are compared to the previous year’s data; deviations outside 
predefined tolerance ranges trigger further investigation, and corrections are implemented 
as necessary based on diagnostic findings. 

Example:  

Tests ensure that fractional counts sum to whole counts at the world level; similarly, EU-27 
counts are verified to equal the sum of Member State counts in fractional counting. Additional 
tests confirm that averaging the relative citation scores of all publications within a given Science-
Metrix subfield (as used in normalisation procedures) yields a score of exactly 1. Other 
examples include verifying that publication counts by field and by entity are consistent across 
tables. 

6.3.7. Completeness 

Prior to launching the indicator production process, the completion of the study databases is 
verified and documented. For example, the production of publication indicators proceeds only 
once the Scopus completion rate for the previous calendar year has reached at least 95 %. 

6.4. QA process steps 

The QA process is structured into three main phases, with embedded checks at each stage: 
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6.4.1. Database validation 

• Production-ready database: Before indicator computation, the base databases (e.g. 
Scopus) are filtered, cleaned, and enriched. Several automated tests are implemented to 
ensure the quality of the resulting data, including: 

 Valid country fields and fractional counts 

 Unique article IDs 

 Correct field and discipline assignments 

 Removal of predatory journals (with thresholds for dropped publications) 

 Alignment of address and country mappings 

• Manual review: Random samples of enriched data (e.g. institutional mappings) are 
manually checked by analysts to ensure a high precision. 

6.4.2. Embedded testing in indicator production 

• Duplication checks: Ensure no duplicate entries are introduced in intermediary tables. 

• Mapping validation: Verify that mapping tables (e.g. for periods, regions) correctly link base 
data to indicator categories. 

• Aggregation checks: Confirm that computed aggregates (e.g. world-level counts, top 10 % 
cited papers) match expected values. 

• Table structure validation: Ensure all intended rows and columns are present, including 
entities with 0 or null output. 

6.4.3. Automated export and final validation 

• Automated export: Final tables are generated automatically via scripts, eliminating manual 
formatting and reducing error risk. 

6.4.4. Coherence and alignment testing 

• Internal coherence: Tests verify that sums and aggregates within tables are consistent. 

• External coherence: Cross-table and cross-edition comparisons are performed, with 
deviations visualised (e.g. bar charts, boxplots) and reviewed by subject matter experts. 

• Alignment with prior editions: Significant departures from previous years’ time series are 
investigated, and explanations are documented (e.g. journal additions or removals, database 
backfilling, changes in the official delineation of regions—such as the transition from 
NUTS2021 to NUTS2024). 

6.5. Data privacy and security 

Our data management approach is fully aligned with the EU General Data Protection Regulation 
(GDPR). Specifically, we refer to Article 5(1)(b) of the GDPR, which allows for the processing 
of data for scientific research purposes. We are committed to treating all data in this project with 
the utmost caution to ensure data security and to address ethical considerations appropriately. 
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All researchers at each partner organisation have been briefed on how to act in accordance with 
these principles. Additionally, all partner organisations and researchers responsible for 
coordinating individual work packages have been informed about this data management 
concept. Each team’s data manager monitors their respective procedures and is empowered to 
intervene when necessary. 

It should be noted that most of the data processed and produced in the context of this project 
does not contain personal information as defined by the GDPR. Indicators are provided only at 
the level of countries, regions, or organisations (including companies and research 
organisations). In rare instances where individual-level observations are involved, such as ad 
hoc analyses conducted to support specific policy needs, any data shared between partners is 
anonymised and made accessible only to those users who require such access to perform their 
project tasks. 

6.6. Summary 

The consortium’s QA plan ensures that all indicators produced are accurate, coherent, and 
reliable, with robust safeguards against error and bias. By leveraging automated workflows, 
embedded validation, peer review, and continuous improvement, we deliver high-quality data 
that meets the needs of the Commission and other stakeholders. 

 

7. Annex 

7.1. Countries and regions 

Aggregation Countries 

71 countries Albania (AL), Armenia (AM), Australia (AU), 
Austria (AT), Belgium (BE), Bosnia and 
Herzegovina (BH), Brunei Darussalam (BN), 
Bulgaria (BG), Brazil (BR), Canada (CA), 
Switzerland (CH), Chile (CL), China (Peoples 
Republic) (CN), Cyprus (CY), Czechia (CZ), 
Germany (DE), Denmark (DK), Estonia (EE), 
Faroe Islands (FO), Georgia (GE), Greece 
(EL), Spain (ES), Finland (FI), France (FR), 
Croatia (HR), Hungary (HU), Indonesia (ID), 
Ireland (IE), Israel (IL), India (IN), Iceland 
(IS), Italy (IT), Japan (JP), Cambodia (KH), 
Korea (KR), Laos (LA), Liechtenstein (LI), 
Lithuania (LT), Luxembourg (LU), Latvia 
(LV), Mexico (MX), Moldova (MD), 
Montenegro (ME), Morocco (MA), New 
Zealand (NZ), North Macedonia (MK), 
Myanmar (MM), Malta (MT), Malaysia (MY), 
Netherlands (NL), Norway (NO), Poland (PL), 
Portugal (PT), Romania (RO), Russian 
Federation (RU), Serbia (RS), Singapore 
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Aggregation Countries 

(SG), Sweden (SE), Slovenia (SI), Slovakia 
(SK), Tunisia (TN), Türkiye (TR), South 
Africa (ZA), Ukraine (UA), United Kingdom 
(UK), Kosovo (XK) and United States of 
America (US). 

World All countries – to be included publications 
and patents must have at least one author-
applicant address with an assigned country 

EU-27 BE, BG, CZ, DK, DE, EE, EL, ES, FR, HR, 
IE, IT, CY, LV, LT, LU, HU, MT, NL, AT, PL, 
PT, RO, SI, SK, FI, SE 

EFTA IS, LI, NO, CH 

ASEAN countries Brunei Darussalam, Indonesia, Cambodia, 
Laos, Malaysia, Myanmar, Philippines, 
Singapore, Thailand, Viet Nam 

Other third countries Australia, Brazil, Canada, Chile, China, India, 
Japan, Korea, Mexico, Morocco, New 
Zealand, Russian Federation, South Africa, 
United States of America 



 

 

GETTING IN TOUCH WITH THE EU 

In person 
All over the European Union there are hundreds of Europe Direct centres. You can find the address of the centre nearest you 
online (european-union.europa.eu/contact-eu/meet-us_en). 
 

On the phone or in writing 
Europe Direct is a service that answers your questions about the European Union. 
You can contact this service: 

 by freephone: 00 800 6 7 8 9 10 11 (certain operators may charge for these calls), 

 at the following standard number: +32 22999696,  

 via the following form: european-union.europa.eu/contact-eu/write-us_en. 
 

FINDING INFORMATION ABOUT THE EU 

Online 
Information about the European Union in all the official languages of the EU is available on the Europa website (european-
union.europa.eu). 
 

EU publications 
You can view or order EU publications at op.europa.eu/en/publications. Multiple copies of free publications can be 
obtained by contacting Europe Direct or your local documentation centre (european-union.europa.eu/contact-eu/meet-
us_en). 
 

EU law and related documents 
For access to legal information from the EU, including all EU law since 1951 in all the official language versions, go to EUR-Lex 
(eur-lex.europa.eu). 
 

EU open data 
The portal data.europa.eu provides access to open datasets from the EU institutions, bodies and agencies. These can be 
downloaded and reused for free, for both commercial and non-commercial purposes. The portal also provides access to a wealth of 
datasets from European countries. 

https://european-union.europa.eu/contact-eu/meet-us_en
https://european-union.europa.eu/contact-eu/write-us_en
https://european-union.europa.eu/index_en
https://european-union.europa.eu/index_en
https://op.europa.eu/en/publications
https://european-union.europa.eu/contact-eu/meet-us_en
https://european-union.europa.eu/contact-eu/meet-us_en
https://eur-lex.europa.eu/
https://data.europa.eu/en


 

 

This Handbook of bibliometric and technometric indicators provides 
methodological guidance on data collection and the calculation of 
all indicators produced within the Quantitative Evidence to 
European Union (EU) R&I Policy project. Along with the 
computation method for each indicator, critical issues, comments, 
and advice for interpretation is provided, to support the responsible 
use of quantitative evidence from this project for research, 
innovation, and science policy at the national and European levels. 
This Handbook serves as a reference document, providing users of 
the study results with the necessary methods to interpret the data, 
accounting for known limitations in the study indicators, and 
ensuring the quality and consistency of indicators as new editions 
of the data are produced and released. 
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