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1 Introduction
Science-Metrix has been commissioned by SRI International, on behalf of the National Science
Foundation, to develop measures and indicators of research and patent activity using bibliometrics and
patent data for inclusion in the Science and Engineering Indicators (SEI) 2018. This technical document
details the various steps taken to implement the databases, clean and standardize the data, and produce
statistics. This documentation is accompanied by a collection of external files that are necessary
complements to perform these tasks. The following is the list of accompanying external files:
External File 1: Postgresql scripts
External File 2: Scopus cancelled title list
External File 3: DOAJ cancelled title list
External File 4: Source id to WebCASPAR
External File 5: Scopus country
External File 6: Scopus US addresses to US states
External File 7: Scopus US sectors
External File 8: Impact NSF production
External File 9: IPC technology concordance table
External File 10: Patent number to clean technology
External File 11: Patent number and uuid to Scopus ID
External File 12: Patent number and SEQ to countries and regions
External File 13: Patent number and SEQ to American states
External File 14: US applicant to sector
External File 15: Non-US applicant to academic sector

These external files are also introduced in the relevant sections of this documentation.
Section 2 of this report presents the bibliometric methods, which are based on scientific publications
indexed in the Scopus database (Elsevier). Section 3 presents the methods for the production of
technometric data, which are based on patents indexed in PatentsView.
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2 Bibliometric methods
Bibliometrics is, in brief, the statistical analysis of scientific publications, such as books or journal articles.
Bibliometrics comprises a set of methods used to derive new insights from existing databases of scientific
publications and patents. In this study, the bibliometric indicators are not computed on the original and
complete text of the publications, but rather on the bibliographic information of a very comprehensive
set of scientific articles published in peer-reviewed journals and indexed in the Scopus database. As Figure
1 exemplifies, the information used to compute the indicators is mostly derived from the bibliographic
information contained in the first page of the document and in the list of references.
Only two databases offer extensive coverage of the international scientific literature and index the
bibliographic information required to perform robust and extensive bibliometric analyses—both of which
are aspects necessary for performing advanced bibliometric analyses on scientific activity. These databases
are the Web of Science (WoS), which is produced by Clarivate Analytics and currently covers about 13,000
peer-reviewed journals, and Scopus, which is produced by Elsevier and covers about 17,000 peerreviewed journals.
The bibliometric indicators for SEI 2018 have been produced by Science-Metrix using an in-house
implementation of the Scopus database that has been carefully conditioned for the production of largescale comparative bibliometric analyses. A similar approach using Scopus was also employed to produce
indicators for SEI 2016. Prior to the 2016 edition, the bibliometric indicators included in editions of the
SEI were computed based on data from the Science Citation Index (SCI) and the Social Sciences Citation
Index (SSCI), two subsets of the Web of Science, which was at that time produced by Thomson Reuters.
The differences between Scopus and the SCI and SSCI databases that were used for the previous editions
of the SEI, and the implications of these differences for the production of bibliometric indicators for the
SEI, were discussed comprehensively in a separate report.1
For this project, the indicators were computed on science and engineering scientific publications; this
includes publications on the natural sciences, the applied sciences, the medical sciences and the social
sciences, but excludes the arts and humanities. Only documents published in refereed scientific journals
have been retained (mostly articles, reviews and conference proceedings), as these documents were
reviewed by peers prior to being accepted for publication. The peer-review process ensures that the
research is of good quality and constitutes an original contribution to scientific knowledge. In the context
of bibliometrics, these documents are collectively referred to as papers.

1 Côté, G., Roberge, G., & Archambault, É. (2016). Bibliometrics and patent indicators for the Science and Engineering Indicators 2016:

Comparison of 2016 bibliometric indicators to 2014 indicators. Montréal, QC: Science-Metrix. Retrieved from http://www.sciencemetrix.com/files/science-metrix/publications/sciencemetrix_comparison_of_2016_bibliometric_indicators_to_2014_indicators.pdf.
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Figure 1

Bibliographic information for the computation of bibliometric indicators

Source:

Prepared by Science-Metrix
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2.1 Database implementation
For this project, Elsevier provided Scopus data to Science-Metrix using two mechanisms. First, an
external hard drive that contained a single gunzip archive2 per year of coverage, encrypted with GnuPG,3
was sent to Science-Metrix by mail. These archives contained one XML file per paper. Each of these
XML files was then decrypted and decompressed by Science-Metrix, converted to JSON format using a
Python 2.7 script and inserted in a relational database (PostgreSQL 9.6) in the JSONB format (binary
JSON). Second, Elsevier created an “update” file each week. This contained all the newly included papers
for the week, as well as any XML files that had been modified during this same week. Each modification
of a paper’s information, no matter how small, always resulted in the shipment of a new XML file for
that paper. Elsevier emailed Science-Metrix with a download link for the update file (for the present
project these updates were initially sent to SRI), and these data were added to Science-Metrix’
implementation of the relational database, again on a weekly basis.
Using PostgreSQL functions and commands, Science-Metrix created three tables that contained the
required information about each paper. Every week, the new shipment of data was added to these three
tables. Because updated versions of already present papers were also sent, Science-Metrix identified the
latest version of each using the ID and timestamp field and included them in three new tables. These
tables were then exported as tab-separated flat text files. The resulting text files were UTF8 encoded and
could therefore have contained non-Latin characters, which was not desirable. Furthermore, the next
analysis step was performed using a Microsoft SQLServer database, which does not easily support UTF8
encoding. Text files were therefore transliterated in the CP1252 encoding using the iconv software under
Linux.

2 http://www.gzip.org
3 https://www.gnupg.org/
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Link between XML items and columns in the SQL table

Column

Data Type

XPATH

id

varchar(50)

/xocs:doc/xocs:item/item/bibrecord/item-info/itemidlist/itemid attr=SGR

id_permanent

int

Created by PostgreSQL to dissociate the various versions of the same papers

provider_timestamp

varchar(1000)

/xocs:doc/xocs:meta/xocs:timestamp

index_date

varchar(50)

/xocs:doc/xocs:meta/xocs:indexeddate

orig_load_date

varchar(50)

/xocs:doc/xocs:meta/xocs:orig-load-date

sort_date

varchar(50)

/xocs:doc/xocs:meta/xocs:datesort

deleted

int

Created by PostgreSQL to identify papers that were deleted

year

varchar(8)

/xocs:doc/xocs:meta/xocs:sort-year

doc_type

varchar(10)

/xocs:doc/xocs:meta/cto:doctype

source_id

varchar(20)

/xocs:doc/xocs:item/item/bibrecord/head/source attr=SRCID

source_type

varchar(2)

/xocs:doc/xocs:item/item/bibrecord/head/source attr=TYPE

issn

varchar(50)

/xocs:doc/xocs:item/item/bibrecord/head/source/issn

issn2

varchar(50)

/xocs:doc/xocs:item/item/bibrecord/head/source/issn

total_ref

int

/xocs:doc/xocs:item/item/bibrecord/tail/bibliography attr=refcount

unique_auth_count

int

/xocs:doc/xocs:meta/cto: unique-auth-count

first_country

varchar(250)

/xocs:doc/xocs:meta/xocs:countries/xocs:country

doi

varchar(120)

/xocs:doc/xocs:meta/xocs:doi

source_title

varchar(500)

/xocs:doc/xocs:item/item/bibrecord/head/source/sourcetitle

source_abbr

varchar(200)

/xocs:doc/xocs:item/item/bibrecord/head/source/sourcetitle-abbrev

title

varchar(1000)

/xocs:doc/xocs:item/item/bibrecord/head/citation-title/titletext

Source:

Prepared by Science-Metrix using the Scopus database (Elsevier)
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Link between XML items and columns in the SQL table

Column

Data Type

XPATH

id

varchar(22)

/xocs:doc/xocs:item/item/bibrecord/item-info/itemidlist/itemid attr=SGR

id_permanent

bigint

Created by PostgreSQL to dissociate the various versions of the same papers

provider_timestamp

varchar(1000)

/xocs:doc/xocs:meta/xocs:timestamp

ordre_address

int

Automatically incremented by sql script

country_iso3

varchar(6)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/affiliation attr=COUNTRY

country

varchar(250)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/affiliation/country

City_group

varchar(300)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/affiliation/city-group

afid

varchar(18)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/affiliation attr=AFID

dptid

varchar(18)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/affiliation attr=DPTID

ordre_author

int

/xocs:doc/xocs:item/item/bibrecord/head/author-group/author attr=seq

auid

varchar(22)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/author attr=AUID

indexed_name

varchar(400)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/author/ce:indexed-name

given_name

varchar(400)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/author/ce:given-name

author_initials

varchar(20)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/author/ce:initials

surname

varchar(400)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/author/ce:surname

pref_indexed_name

varchar(400)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/author/preferred-name/ce:indexed-name

pref_given_name

varchar(400)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/author/preferred-name/ce:given-name

pref_author_initials

varchar(20)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/author/preferred-name/ce:initials

pref_surname

varchar(400)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/author/preferred-name/ce:surname

affiliation

varchar(800)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/affiliation/ce:text OR
/xocs:doc/xocs:item/item/bibrecord/head/author-group/affiliation/organization/

ordre_affil

int

Automatically incremented by sql script

address_part

varchar(300)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/affiliation/address-part

city

varchar(200)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/affiliation/city

postal_code

varchar(200)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/affiliation/postal-code

state

varchar(200)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/affiliation/state

degree

varchar(200)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/author/ce:degree

email

varchar(120)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/author/ce:e-address attr=EMAIL

orcid

varchar(200)

/xocs:doc/xocs:item/item/bibrecord/head/author-group/author/orchid

Source:

Prepared by Science-Metrix using the Scopus database (Elsevier)
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Link between XML items and columns in the SQL table

Column

Data Type

XPATH

id

varchar(50)

/xocs:doc/xocs:item/item/bibrecord/item-info/itemidlist/itemid attr=SGR

provider_timestamp

varchar(1000)

/xocs:doc/xocs:meta/xocs:timestamp

deleted

int

/xocs:doc/xocs:item/item/bibrecord/tail/bibliography/reference/ref-info/refd-itemidlist/itemid

id_ref

varchar(22)

/xocs:doc/xocs:meta/cto:ref-id

Source:

Prepared by Science-Metrix using the Scopus database (Elsevier)

External File 1: Postgresql scripts

Completeness of the database
There is a lag between when a document is published and when it is indexed in Scopus. Because of this,
the documents published in any given year are not completely indexed in Scopus on December 31 of that
year. In order to produce meaningful and robust indicators, we aimed to have at least 95% of the latest
year’s documents indexed in the database when we calculated the indicators. One of the challenges in
determining the completeness of a database is to determine what is considered 100% of a publishing
year’s documents. As noted, new documents are indexed constantly. Most of these have been recently
published, but each weekly update file from Elsevier includes some journals and documents published in
previous years. Therefore, the total number of documents for any publishing year is always increasing,
and the numerator in the calculation of the completeness is a moving target.
In order to be able to measure completeness, it was assumed that the completeness of a publication year
is achieved within 30 months of the first day of a publication year. For example, publication year 2014
was assumed to be complete by 1 July 2016. This is somewhat arbitrary, but a reasonable compromise
between a short time frame for analysis and a high completion rate.4
Based on Elsevier’s modeling, a 95% completion rate is expected within 18 months of the first day of a
publication year. In our case, this meant a 95% completion rate on 1 July 2017 for the publication year
2016. For the estimation of completeness of a publication year on a specific date, the number of
publications counted on that specific date is calculated against the number of publications counted or
estimated after 30 months.

4 Although

it is impossible to measure completeness, the rate at which new documents are added after 30 months after publication is
low and therefore the count of publications measure at that time is a fairly stable number against which one can benchmark
completion.
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𝑁𝑖
𝑁𝑗

Where:
𝑁𝑖 is the number of publications after i months, in this case 18 months,
and 𝑁𝑗 the number of publications after j months, in this case 30 months.
As it is currently impossible to calculate the “30 months after” estimation for the years 2015 and 2016, a
prediction model was used to determine the expected number of publications for these years. The model
used is simple. The compound annual growth rate (CAGR) for 2012 to 2014, the last three completed
years, was first calculated using a simple regression model. This growth rate was then used for every year,
starting in 2012.
To have a quickly computable and easily reproducible model, a stripped-down version of our data filtering
was used. The model was to be evaluated several times by both Science-Metrix and Elsevier, each using
their respective local version of the database. The only filter used was document type (Article, Review
and Conference proceedings) and removal of the low-quality journals identified by Elsevier. Therefore,
the numbers reported here only serve an administrative purpose and should not be compared to the
values found in the SEI report.
As the continuous updating of the database by Elsevier includes substantial backward correction of
already included papers, the full prediction model was recalculated at the beginning of each month.
Notably, June’s correction of the publication year for several papers had a noticeable impact on the
prediction. The monthly monitoring of the database was performed to ensure that the data for the year
2016 could be included in the 2018 SEI report. The result for the year 2016 as measured between April
and July 2016 is presented in Table IV.
Table IV

Monthly follow-up of the completion rate for the year 2016

Month

Observed
(papers)

Predicted
(papers)

Completion
(%)

April
May
June
July

2,285,301
2,335,061
2,354,993
2,412,353

2,552,898
2,556,945
2,555,523
2,535,994

89.5%
91.3%
92.2%
95.1%

Source:

Prepared by Science-Metrix using the Scopus database (Elsevier)

The full prediction model calculated on 4 July 2017 is presented in Figure 2.
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Figure 2

Observed data and evaluation of the completeness, July 2017

Source:

Prepared by Science-Metrix using the Scopus database (Elsevier)

Filtering non-peer-reviewed documents
The Scopus database is composed mainly of original peer-reviewed documents, but it also includes other
material produced by the scientific community. In order to identify the peer-reviewed documents,
information on the type of media (source type) and the document type is used. The types of media
included in Scopus are categorized into six categories: Journal, Conference Proceeding, Book Series, Trade
Publication, Book and Report. These include documents that are categorized into 15 categories: Article,
Conference Paper, Review, Letter, Book Chapter, Editorial, Note, Short Survey, In Press, Erratum, Book, Conference
Review, Report, Abstract Report and Business Article.
For this project, the goal was to keep only documents that were peer reviewed and that presented new
scientific results. The classification of document by source type and document type in Scopus cannot be
used directly to precisely identify all peer-reviewed papers in the database. An empirical approach has
been developed by Science-Metrix to filter documents based on the source types and document types,
and to maximize the recall of peer-reviewed papers while trying to minimize the inclusion of non-peerreviewed documents. The approach is based on Elsevier’s documentation and statistics on the number
of references and citations per document for each combination of source type and document type.
Science-Metrix also filters out documents that have a value of “0” for the “refcount” field, which indicates
that the paper did not refer any other works: a strong indication that it is not original, peer-reviewed
research. This filter is applied before subsequent steps of data standardization.
January 2018
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Table V details the combinations that have been kept for the bibliometric analyses.
Table V

Combinations of source types and document types used for the
production of bibliometric indicators

Source Type
Book Series
Conference Proceeding
Journal

Source:

Document Type
Article, Conference Paper, Review, Short Survey
Article, Review, Conference Paper
Article, Conference Paper, Review, Short Survey

Prepared by Science-Metrix

Filtering low-quality papers
The classical publication business model is subscription based. Under this model an institution pays a
yearly fee to a publisher to provide the institution’s community of researchers and students with access
to the publisher’s journal. Over the last two decades, an alternative business model has become more
common. Many new open access journals have emerged in which each article is available online to anyone
free of charge. Under this model, the publication is financially supported by a one-time publication fee,
generally paid by the author. This has the potential advantage of limiting the recurrent subscription costs
paid by institutions and democratizes scientific literature by providing broader access to less wealthy
institutions and to readers outside of academia.
There is, however, a pitfall to this new model. Traditionally, each publisher aimed to maximize the quality
of each paper published in their journal, as this would enhance the reputation of the journal and the
likelihood that libraries and researchers would subscribe. A better reputation meant the journal would be
sold to more institutions and researchers at a higher price. The volume of publication was limited by the
material production costs of the journal’s hardcopy issues, the budget of subscribers, and the scarcity of
library shelf space. Even when traditional publishers were starting to provide online versions of their
papers, hard copies were still sent to librarians. Publishing more papers in an issue would mean increasing
the cost for the publisher without increasing revenues. Publishers, as well as their scientific editorial teams,
were therefore interested in publishing a limited set of the highest quality research possible. However, in
the digital open access model there is much less limitation on the volume of publications. If authors pay
a submission fee then each accepted paper brings in new revenue for the publisher, while the digital
production cost are lower and the digital diffusion costs (i.e., marginal costs) are negligible. Having a good
reputation through publishing high-quality papers is therefore still a concern for the scientific editorial
team but not necessarily for the publisher. This creates conflicting motivations, with some publishers
desiring high volume and the authors and scientific editorial team aiming at high quality.
The worst-case scenario resulting from this conflict is the low-quality open access journal. A journal is
usually considered low quality when it does not provide genuine peer review, but instead professes to
provide this service while accepting all papers submitted for publication. The goal of these journals is
simply to collect as many publication fees as possible. Such journals should be excluded from bibliometric
studies. Unsurprisingly though, low-quality journals do not announce their deceptive practices.
Furthermore, from an outsider’s perspective it is difficult to determine if a researcher publishing in such
January 2018
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a low-quality journal was deceived, thinking he or she was publishing in a genuine scientific journal, or if
the researcher was aware of the problem and used this low-quality journal to inflate his or her scientific
accomplishment. Identifying low-quality journals is therefore a complex problem. A lack of citations may
not necessarily indicate a low-quality journal. Low-citation science is still science and should be included
in bibliometric work. Also, because a good journal could reduce its standards and become a low-quality
journal, it can be difficult to determine the year to remove such a journal from the database.
Science-Metrix applied a systematic approach to remove low-quality journals, rather than a journal-byjournal approach. The approach is to reject from this database two sets of journals identified as low
quality. The first set is the list of journals removed by Elsevier from the Scopus database. Scopus
undertakes periodic reviews of the quality of the journals already accepted into the database and those
applying for entry into the database. The cancellation of a journal means that no new papers from this
journal enter the database; however, the Scopus database retains the already indexed papers from canceled
journals. To create a comparable time series Science-Metrix removed all years of the Elsevier canceled
journals—this does not reflect upon the journal quality prior to cancelation but rather on the need to
create a consistent time series.
The second list of excluded journals comes from the Directory of Open Access Journals (DOAJ),5 which
is a community-curated online directory of open access scientific journals. DOAJ has a set of inclusion
criteria to ensure the directory only includes peer-reviewed, open access journals and diffuses the list of
journals that have been excluded over the years, with a brief description of the reason for exclusion.
Science-Metrix constructed a list of excluded journals based on a subset of these reasons (ISSN not
registered, invalid or not in the ISSN database; suspected editorial misconduct by publisher; no editorial
board; use of fake impact factor). Journals that were excluded in the DOAJ only because they are no
longer open access were retained in the database for analysis.
The two lists of journals excluded based on the Scopus and DOAJ criteria are included as external files.

External File 2: Scopus cancelled title list
External File 3: DOAJ cancelled title list

Missing addresses
A previous report6 prepared by Science-Metrix for SRI on behalf of the NSF compared the SEI 2016
bibliometric indicators (prepared with Scopus) to those from SEI 2014 (prepared with the WoS). This
report discussed at length the fact the Scopus database is missing institutional addresses of authors for
papers published between 2000 and 2002. For the most part, these missing addresses are the result of

5 https://doaj.org/
6 Côté, G., Roberge, G., & Archambault, É. (2016). Bibliometrics and patent indicators for the Science and Engineering Indicators 2016:

Comparison of 2016 bibliometric indicators to 2014 indicators. Montréal, QC: Science-Metrix. Retrieved from http://www.sciencemetrix.com/files/science-metrix/publications/sciencemetrix_comparison_of_2016_bibliometric_indicators_to_2014_indicators.pdf.
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limitations within the data sources used by Elsevier to build the database. Commonly referred as a “hole”
in the Scopus database, these missing institutional addresses may result in an underestimation of levels of
output and collaboration rates for years affected by this issue. Figure 3 highlights the address issue for
2000, 2001, and 2002.

Average number of addresses
per paper

3.0
2.5
2.0
1.5

with conference papers
without conference papers

1.0
0.5

0.0
1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

Figure 3

Average number of addresses on publications in Scopus, 1996–2017

Source:

Prepared by Science-Metrix using the Scopus database (Elsevier)

During data production for the SEI 2016, it was decided that years affected by this artifact would be left
in the SEI because data to be presented in the main report were mostly outside this hole. The impact of
this decision was that some data presented in annex tables did indeed present the characteristic decrease
in output associated with the hole. However, for the SEI 2018 the window for data presented shifted,
and the data to be presented in the main report would have been themselves directly impacted by the
hole. As discussions regarding the hole became more prominent during data production, it was decided
that all metrics directly impacted by it would be left out of the SEI 2018, unless it was assessed that
missing addresses did not have a notable effect on the data. Following additional testing on the robustness
of indicators, the SEI 2018 presents publication counts and co-authorship counts from 2003 forward to
ensure a valid time series. Other metrics based on averages and related to citation counts were mostly
unaffected by these missing addresses, so the SEI 2018 contains longer time frames for those metrics.

2.2 Data standardization
Linking WebCASPAR classification to the database
The 2014 and earlier SEI reports used a concordance table between the journals indexed in the WoS and
the WebCASPAR fields that was developed and used for the production of bibliometric indicators by
field of research. In this system, each journal is classified into a single field (a mutually exclusive
classification), and all the papers published in a particular journal are classified into its field. For the 2016
and current edition, a concordance table was developed to match the Scopus database with the
WebCASPAR classification system. The two main challenges of adapting this implementation in Scopus
are as follows:
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1. To remap the journals in the WoS to the equivalent in Scopus. This is a challenge given the variations
in journal names and the relative lack of data standardization in Scopus.
2. To map the journals covered in Scopus but not included in the concordance table prepared in the
previous editions.
The algorithm used to map Scopus’s journals onto the WebCASPAR database can be expressed as
follows:
▪
▪
▪

Using T-SQL, entries in the WebCASPAR database were linked to Scopus’s articles on an exact
match of the “ISSN” field.
Using T-SQL, entries in the WebCASPAR database were linked to Scopus’s articles on an exact
match of the “journal name” field.
Using T-SQL, entries in the WebCASPAR database were linked to Scopus’s articles on an exact
match of the “journal abbreviation” field.

These first three steps made it possible to classify 49.2% of the papers in the database.
Using the partially classified Scopus database and Science-Metrix’ own in-house Scopus implementation,
articles were then linked by “eid” (Elsevier’s document unique ID), and the distribution of
WebCASPAR’s subfields after a mapping to each subfield of Science-Metrix’ taxonomy (i.e., based on
Science-Metrix’ own journal classification) was studied. For example, as shown in Table VI, of all articles
in the subfield “Marketing” of Science-Metrix’ in-house implementation of the Scopus database, 94%
were attributed to the WebCASPAR subfield “Management & Business” (data from the 2016 edition).
Table VI

Distribution of scientific output in Science-Metrix’ subfield of Marketing
across WebCASPAR subfields

SM subfield

WebC ASPAR subfield

Marketing

Economics

Marketing

Management & Business

Marketing

Social Psychology

Source:

N um ber of papers

% in WebC ASPAR subfield

546

3%

20,204

94%

691

3%

Prepared by Science-Metrix

After studying these data and assessing the average potential mismatch risk, a threshold value of 80% was
selected for the 2016 edition and was used again for the 2018 edition. Therefore, in cases where the
threshold value was equaled or surpassed, all papers classified in a specific Science-Metrix subfield and
not otherwise assigned to a WebCASPAR subfield were attributed to the most likely WebCASPAR
subfield.
Lastly, following the philosophy that a non-perfect match is more useful than no match at all, the last
unassigned journals were classified by studying the distribution of the subfields of the papers they
referenced and that referenced them. The most likely subfield (normalized by the overall appearance of
the subfield in the database) among all the papers cited by papers from an unclassified journal was
attributed to that journal.
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It is important to note that a journal-based classification is inherently less precise than a classification
performed at the article level. For example, generalist journals such as Nature and Science do not fit in a
single WebCASPAR category. For SEI 2018, papers from these two journals have been classified in the
biological sciences, for continuity with previous SEI editions. Also, some areas of research are very
complex blends of different fields and are difficult to fit into a traditional ontology. Despite these issues,
classification at the journal level is widely used because classifying single papers is computationally
prohibitive and can create a classification error when there is little information in the metadata of a
specific paper. Paper-level classification thus requires a different methodology that incorporates more
information than has been used in the present circumstances.

External File 4: Source id to WebCASPAR

Data standardization: country, country groups, regions
The attribution of a country to each author address listed on a paper is a complex task that faces several
challenges, including the following:
▪
▪

▪
▪

▪

There have been geopolitical changes in the world map over the time period covered by the
database.
Some parts of the world are disputed, and there is official and unofficial disagreement about some
areas. For example, some authors claim to be publishing from particular countries years after those
countries have been replaced by new entities.
Scopus does not resolve these discrepancies and generally uses the country as provided by the
author of the paper.
The general process undergone by the metadata (first provided to the publisher by the author, then
transferred by the publisher to Elsevier, which ultimately inserts the metadata in its database)
entails various automatic and manual steps that may lead to errors—notably confusion between
countries that sound alike (e.g., Australia and Austria) or that have similar ISO 3166-1 alpha-3
country codes (e.g., SLV for El Salvador and SVN for Slovenia).
Older entries in Scopus often do not have information about the author’s country.

In order to mitigate these challenges, a two-step process was developed:
1. Definition of a world map by year for the scope of this project.
2. Attribution of each institutional address to one of the countries available in this year.
For step 1, the list of countries is defined in SEI Appendix Table 5-26. There were border changes in
three regions of the world during the time period of interest in this report. These changes are summed in
Table VII.
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Table VII Geographic entities that changed over time
Entity

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016

Former Yugoslavia
Serbia and Montenegro
Without Kosovo

Serbia
Kosovo
Macedonia
Montenegro
Bosnia and Herzegivinia
Slovenia
Croatia
Indonesia
Without Timor-Leste

Indonesia
Timor-Leste
Sudan

Without South Sudan

Sudan
South Sudan

Note:
Source:

Green: Present; Grey: Absent; Blue: Present, but with a territory removed.
Prepared by Science-Metrix

Step 2 consisted in the use of several in-house heuristic algorithms based on external geographical sources
to attribute each author address to a country. In addition to the name of the country as provided by
Scopus, Science-Metrix developed an algorithm that used other information in the address field (city,
affiliation, department and author’s unique ID) to identify the country. This algorithm clusters articles on
other discriminating fields and looks for a suitable match based on both a frequency (at least 10
occurrences) and a ratio (at least 90%) threshold. For example, if an address lacks the country, but lists a
city (e.g., Chicago) that in more than 90% of cases is associated with a given country (e.g., United States),
then this country will be associated with this address.
Inconsistency and coding errors on the country were resolved using information about the city. For
example, if an address was provided as the city of Bethlehem, but the country was attributed to Israel,
then Science-Metrix overwrote the country to the West Bank. However, if the city was Bethlehem and
the country was the United States, then the country was kept, as there are several cities named Bethlehem
in the United States.
An address attributed to a country that was subject to change on the world map as defined in step 1 was
attributed to the entity encompassing the given city for the year of publication. For example, an address
in the city of Juba in South Sudan would be attributed to South Sudan if published in 2015, but to Sudan
if published in 2005.
A precision analysis demonstrated a precision level of above 99% for the assignment of countries to
addresses. However, because a few countries account for a large share of the total output in the database,
this high precision could still lead to lower precision levels for smaller countries. To alleviate the risk of
important assignment errors for smaller countries, a stratified sampling approach was performed at
country level. A random sample of addresses was extracted for each country individually, and analysts
manually validated the country assigned to these addresses, ensuring high precision (i.e., at least 95%) for
each country.
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External File 5: Scopus country

Data standardization: U.S. states
Address information about the state or other subdivision of the author’s listed institution was not
available in the Scopus database until recently. The database contains a specific, standardized field that
assigns a state or province to author addresses on papers; however, this field is not always populated, so
it cannot be used to assign states to all U.S. addresses. Furthermore, the data in this field, although correct
most of the time, are not perfect, and other information must be relied upon to accomplish the matching
of U.S. addresses to states. Information about the city, the zip code, and the state as they appear on papers
are also all contained in a separate single field named “city”. Although the city is most often present in
this field, the zip code, and the state are not systematically recorded and are presented in an inconsistent
format. However, for U.S. papers, most addresses somewhat fit the following convention: city name, state
abbreviation, zip code.
Science-Metrix uses an algorithm to identify the state in U.S. addresses:
▪
▪
▪
▪
▪
▪

▪

▪
▪
▪
▪

A regular expression (Python 2.7 script) extracts the longest word that does not contain any digits
from the city field. This word is a candidate for the city name.
A regular expression (Python 2.7 script) extracts the first encounter of a five-digit number from the
city field. This is assumed to be the zip code.
A regular expression (SQL script) extracts the first encounter of a two-capital-letter word that
exists in the list of U.S. states common abbreviations.
The zip codes and city names are checked against a U.S. zip code/city database (e.g.,
https://www.unitedstateszipcodes.org/) to produce up to two candidate states per address.
Full state names are searched for in addresses (SQL script) to assign these addresses to related
states.
Using decisions made in earlier steps, the distribution of the output of scientific papers across
states for each distinct city name is computed; cities with at least 90% of all their assignations
pointing to a single state are assigned to the corresponding state.
Again, using decisions made in previous steps, the distribution of output across institutions, as
defined by the Scopus “AFID” identifier, is computed for each institution; addresses linked to
institutions with at least 90% of all their assignations pointing to a single state are assigned to the
corresponding state.
Following the previous steps, each address now has up to five candidate states. All cases where
four or more decisions converge are assigned to this state.
Relaxing the constraint on the number of states in agreement, the assignation process continues
until all remaining decisions are made.
Ambiguous addresses are fixed by hand in decreasing order of frequency.
Extensive manual coding was performed on the remaining addresses with unknown states.

A general characterization of the precision on a sample of 100 U.S. addresses demonstrates that the global
precision in the state assignment process stands at about 99%. This may appear quite high, but because a
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few states dominate in terms of scientific output in the U.S., there could still be important systematic
errors for some states that would result in incorrect analysis if these cases were not detected. To avoid
such situations, a stratified sampling approach was performed at the state level. A random sample for
each state was manually validated to ensure that each state was properly assigned its rightful scientific
output. Corrections were applied to the automated process when errors were detected, yielding precision
levels of above 95% for each state individually. Completing this stratified process also ensured that no
state was missing a significant portion of its output due to that output being wrongfully assigned to
another state.
At the end of the process, the state remained unknown for 4% of U.S. addresses.7 For most of these
addresses, there was no information available that enabled coding at the state level.

External File 6: Scopus US addresses to US states

Data coding: U.S. sectors
All U.S. addresses were coded into one of the following sectors: Academic, Federal Government, State/Local
Government, Private Nonprofit, FFRDC and Industry. The Academic sector was also further divided between
Private Academic, Public Academic and Public Undefined.
The coding was based on the organization provided in the addresses of authors using the following
method:
▪

▪

A sector conversion table provided by Elsevier was used to make a preliminary decision regarding
the author’s sector. This table provides a match between a unique organization ID (AFID) for each
address and a sector (note that this is not the sector as used in this study but one based on an
specific sector ontology used by Elsevier). There are many errors in the attribution of AFID to
organizations in Scopus, several errors also occur in the coding of AFID to sectors, and many
lower-frequency addresses are not classified.
All the highest frequencies (approx. the first 500 organizations) were verified manually. These 500
organizations accounted for 68% of the U.S. addresses in the database, so a large proportion of the
coding was manually validated at this step.

The remaining untested matched sectors and the remaining unknown sectors were validated and/or
coded following various approaches that can be synthetized as follows:

7 A paper may contain more than one U.S. address. In a fictive example, with 10 papers having 10 U.S. addresses each, there are 100

U.S. addresses in total. If the state cannot be determined for 4 of these addresses, then the state remains unknown for 4% of the
U.S. addresses.
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Table VIII Coding papers by sector
Elsevier

F inal Sector

N ote
• Manual validation of automatic coding in "Academic"

Private Academic

• Manual coding (e.g., searches for univ*, polytech*)
• Use NSF HERD file and then IPEDS and then Carnegie to code between
Private/Public Academic

Academic

Public Academic

Federal Government
Government
State/Local Government

• Manual verification of automatic coding between Private/Public (e.g.,
institution's website and Wikipedia)
• Some automatic coding of remaining Academic using keywords (e.g.,
mainly looking for "state" in the name)
• Manual coding of Federal vs. State & Local, with the help of some filters
(e.g., national, federal, U.S., army, navy for the Federal, and state, regional
and state/city names for the State/Local)
• Manual validation of automatic coding (Elsevier's conversion table)

Other

Private nonprofit
• Use several lists of nonprofit organizations for automatic coding
• Manual validation of automatic coding (Elsevier's conversion table)

Corporate

Industry

• Additional coding based on a list of company names
• Additional coding with the help of some filters (e.g., Inc., Corp., Ltd.)

Private Academic

Medical

Public Academic

•Use Medicare to split between sectors (Industry, Federal, State/Local Gov.,
Private nonprofit)

Federal Government

• Extensive manual validation to identify hospitals that are affiliated with an
academic institution, and coding in Private or Public Academic

State / Local Government

•Additional manual validation and coding of hospitals

Private nonprofit
[Not used]

Source:

FFRDC (Federally Funded Research and
Development Center)

SQL queries and manual coding of FFRDCs

Prepared by Science-Metrix

At the end of the process, 94% of all U.S. addresses were assigned a sector. The precision of the
assignment process reached 98% globally. In addition, random samples for each sector were manually
validated to ensure that high precision levels were observed across all categories and not only for
categories dominating in terms of output (i.e., Academic). For most sectors, precision stood between 97%
and 99%. Only two sectors presented lower precision levels: Private Nonprofit (87%) and Academic
Undefined (85%).

External File 7: Scopus US sectors
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2.3 Production database
Two databases were developed for this project: a basic Scopus database containing all the “original” data
from Scopus, with minimal filtering and data transformation, and a production version of the database.
The first database contains three tables, one for basic bibliographic information about each article, one
presenting the information on authors and their addresses, and one presenting the references listed in
each article. The production database is leaner as it contains only the necessary information to produce
basic bibliometric indicators and is limited to relevant articles and journals. Essentially, the production
database was obtained using the following filters:
▪
▪
▪
▪

Peer-reviewed documents presenting new scientific results were first selected and retained (see
Section 2.1.1)
Only documents for which it was possible to identify the country of at least one author were
retained (see Section 2.2.2)
Only documents classified into one of the 13 WebCASPAR fields of research were retained (see
Section 2.2.1)
Documents that were identified as being published in a low-quality journal were removed (see
Section 2.1.3)

Table IX presents the number of papers remaining after each step of filtering. About 80% of the
documents were kept for the analysis, and this was fairly consistent for all years.
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Number of documents after each step of filtering performed by ScienceMetrix
All Docum ents

Peer-review ed

Papers

Papers

%

%

C ountry is available
Papers

S&E Only

%

Papers

Low -quality rem oved
%

Papers

%

1996

1 163 537

100%

1 001 670

86%

959 233

82%

939 862

81%

939 288

81%

1997

1 192 245

100%

1 062 422

89%

1 005 871

84%

986 555

83%

985 898

83%

1998

1 195 424

100%

1 065 118

89%

1 007 451

84%

987 212

83%

986 598

83%

1999

1 203 917

100%

1 073 115

89%

1 016 797

84%

996 638

83%

995 889

83%

2000

1 279 411

100%

1 121 438

88%

1 072 236

84%

1 050 369

82%

1 049 636

82%

2001

1 385 745

100%

1 162 815

84%

1 106 130

80%

1 083 029

78%

1 082 118

78%

2002

1 452 460

100%

1 224 119

84%

1 157 644

80%

1 132 651

78%

1 131 633

78%

2003

1 528 235

100%

1 294 933

85%

1 220 443

80%

1 194 174

78%

1 192 446

78%

2004

1 646 729

100%

1 398 251

85%

1 339 953

81%

1 310 732

80%

1 309 104

79%

2005

1 878 778

100%

1 575 256

84%

1 520 001

81%

1 484 258

79%

1 481 643

79%

2006

1 978 734

100%

1 659 499

84%

1 612 358

81%

1 572 424

79%

1 567 422

79%

2007

2 100 465

100%

1 758 171

84%

1 710 183

81%

1 668 296

79%

1 661 634

79%

2008

2 198 887

100%

1 859 148

85%

1 809 038

82%

1 762 651

80%

1 752 431

80%

2009

2 308 269

100%

1 973 903

86%

1 927 553

84%

1 875 264

81%

1 861 148

81%

2010

2 444 914

100%

2 090 149

85%

2 041 917

84%

1 983 086

81%

1 958 948

80%

2011

2 602 588

100%

2 251 243

87%

2 195 994

84%

2 132 926

82%

2 070 735

80%

2012

2 720 421

100%

2 349 050

86%

2 282 935

84%

2 218 388

82%

2 137 315

79%

2013

2 816 031

100%

2 437 136

87%

2 372 542

84%

2 305 985

82%

2 217 046

79%

2014

2 919 614

100%

2 535 123

87%

2 468 099

85%

2 398 510

82%

2 300 684

79%

2015

2 845 730

100%

2 468 001

87%

2 405 847

85%

2 334 683

82%

2 305 909

81%

2016

2 830 950

100%

2 445 909

86%

2 403 857

85%

2 326 470

82%

2 295 608

81%

Total

41 693 084

100%

35 806 469

86%

34 636 082

83%

33 744 163

81%

33 283 133

80%

Source:

Prepared by Science-Metrix using the Scopus database (Elsevier)

Computation of the citations
The Scopus database contains the original printed reference string for every paper, and it also contains
this information in a ready-to-use relational list of article identifiers. The schema for this “reference” table
is presented in Figure 4. This set of references is smaller than in the original data as it only contains
information about references to articles that are also indexed in Scopus.
Once the Scopus database is loaded, a query can be run to pre-compute variables at the article level, based
on references. These variables are necessary for computing the bibliometric indicators for the SEI and
are presented in sections 2.4.4 to 2.4.7.

External File 8: Impact NSF production
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suivi_hebdo_nsf_reference_latest

id

id

id

id_permanent

id_permanent

provider_timestamp

provider_timestamp

provider_timestamp

deleted

index_date

ordre_address

id_ref

orig_load_date

country_iso3

sort_date

country

deleted

city_group

year

afid

doc_type

dptid

source_id

ordre_author

source_type

auid

issn

indexed_name

issn2

given_name

total_ref

author_initials

unique_auth_count

surname

first_country

pref_indexed_name

doi

pref_given_name

source_title

pref_author_initials

source_title_abbrev

pref_surname

title

affiliation
ordre_affil
address_part
city
postal_code
state
degree
email
orcid

Figure 4

Database schema

Source:

Prepared by Science-Metrix

Production database structure
Science-Metrix also computed a production version of the database. This production version is leaner
than the basic Scopus database as it contains only the necessary information to produce basic bibliometric
indicators. The filters described at the beginning of this section were applied to the total database to create
the production database.
The table “article” contains all the information at article level that supports the production of bibliometric
indicators, including the ID, year of publication, elements of classification (WebCASPAR, subfield) and
various variables/indicators that were pre-computed. The table “country” presents the standardized
country for each address of articles listed in the table “article”, based on the work presented in Section
2.2.2. The table “US_state” contains the standardized state for each U.S. address in the “country” table
(country_nsf = “United States”), based on the work described in Section 2.2.3. Finally, the table
“US_Sector” contains the results of the coding by sector of U.S. organizations (see Section 2.2.4).
January 2018
© Science-Metrix Inc.

21

Bibliometrics and Patent Indicators for the Science and Engineering Indicators 2018

article

country

Technical Documentation

US_Sector

id

id

id

year

ordre_address

ordre_address

jid

country

afid

caspar

city

afid_name

subfield

city2

afid_sugg_sector

nb_cit

epays_sm_atome

AF1

rc_a

country_NSF_atome

AF2

rc_m

FRAC

AF3

fi

country_NSF

affil_concat

rif_a

level1

PAF1

rif_m

level2

PAF2

isArticle

PAF3

intl

PAF4

rejected

US_State

decile1

id

decile2

ordre_address

decile3

sector1
sector2
sector

city

decile4

country

decile5

zip

decile6

normalized_zip

decile7

city2

decile8

all_affiliation

decile9

afid

decile10

State

Top_5

Decision_step

Top_1
Top_25

Figure 5

Database schema

Source:

Prepared by Science-Metrix

2.4 Indicators
This section presents the bibliometric indicators computed as part of this study.

Number of publications
The traditional, widespread publication count is one means of measuring and comparing the production
of various aggregates (e.g., organizations, regions and countries). It can also be used to evaluate output in
individual disciplines, such as philosophy and economics, and to track trends in research fields,
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collaborative research and many other aspects of research output. Several other indicators can also be
derived from these simple counts. Full and fractional counting are the two principal ways of counting the
number of papers.
Full counting
In the full counting method, each paper is counted once for each entity listed in the address field. For
example, if a paper was authored by two researchers from the University of Oslo, one from the University
College London (UCL) and one from the University of Washington, the paper would be counted once
for the University of Oslo, once for UCL and once for the University of Washington. It would also be
counted once for Norway, once for the U.K. and once for the U.S. When it comes to aggregating groups
of institutions (e.g., research consortia) or countries (e.g., the European Union), double counting is
avoided. This means that if authors from Croatia and France co-published a paper, this paper would be
credited only once when counting papers for the European Union, even though each country had been
credited with one publication count.
Fractional counting
Fractional counting is used to ensure that a single paper is not counted several times in calculating totals.
This approach avoids summing totals across entities (e.g., researcher, institution, region, country) that add
up to more than the total number of papers, as is the case with full counting. Ideally, each author on a
paper would be attributed a fraction of the paper that corresponds to his or her level of participation in
the study. Since no reliable means exists for calculating the relative effort of authors on a paper, each
author is granted the same fraction of the paper.
Using fractional counting on the example presented for full counting (two authors from the University
of Oslo, one from UCL and one from the University of Washington), half of the paper can be attributed
to Norway and one quarter each to the U.K. and the U.S. when the fractions are calculated at the level of
researchers. Using the same approach for institutions, half of the paper would be counted for the
University of Oslo and one quarter each would be attributed to UCL and the University of Washington.
For this study, fractions were calculated at the level of researchers.

Collaboration
In the context of bibliometrics, scientific collaboration is measured by co-publications. A co-publication
is defined as a publication that was co-authored by at least two authors. When a publication involves only
authors from one country, it is defined as a national collaboration. When at least two different countries
are identified among the addresses of authors on the publication, it is defined as an international
collaboration. A publication can involve national and international partnerships simultaneously if more
than two countries are involved and at least one of the countries is represented by more than one author
on the publication. In some tables, the statistics have been presented for different types of co-authorship:
▪
▪

With multiple institutions: Articles with two or more institutional addresses.
With domestic institutions only: Articles with one or more institutional address all within a
single country/economy.
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With international institutions: Articles with institutional addresses from more than one
country/economy.

Index of collaboration
The index of collaboration (IC) provides an indication of the preference of two countries to collaborate.
It compares the number of papers co-authored between the two countries with the number of coauthored articles that would have resulted from a random selection of partnering countries. The index is
based on full counts of papers and is calculated as follows:
𝐶𝑥𝑦
𝐶𝑦
𝐼𝐶𝑥𝑦 = ( )⁄( )
𝐶𝑥
𝐶𝑤

where
ICxy

Index of collaboration between country x and country y

Cxy

Number of papers co-authored between country x and country y

Cx

Total number of international co-authorship by country x

Cy

Total number of international co-authorship by country y

Cw

Total number of international co-authorship in the database

Scientific impact analysis – citations and journal impact factors
An important part of scientific excellence is gaining recognition from colleagues for one’s scientific
accomplishments. Although this recognition can be expressed in many different ways, references to
scientific publications are often considered to be explicit acknowledgements of an intellectual
contribution. As a result, it is considered that the more a scientific article or publication is cited, the greater
its impact on the scientific community, and the more likely it is to be a work of great quality. This is the
basic assumption that underlines the various indicators grouped here under “citation analysis” (i.e.,
citation counts, journal impact factors and the various ways to normalize them).
Before going into detail about specific indicators, it is important to highlight a number of issues related
to the act of citing itself. One source of contention concerns what exactly is being measured through
citation analysis. References are the practice of acknowledging previous work that has been important in
the production of the referencing article. However, motivations for citing can be unclear, and not all of
them are linked to the quality of the work in the cited article. This can undermine the idea that papers are
cited because they are of high quality and make an important contribution to science. Critics have thus
questioned the validity of citations as measures of research visibility, impact or scientific quality,8,9 but
these measures remain widely used as few alternatives exist that would be more objective and costeffective. When the law of large numbers is maintained and studies are correctly designed, the

8 Tijssen, R. J. W., Visser, M. S., & Van Leeuwen, T. N. (2002). Benchmarking international scientific excellence: Are highly cited

research papers an appropriate frame of reference? Scientometrics. 54(3), 381–397.

9 Van Dalen, H. P., & Henkens, K. (2001). What makes a scientific article influential? The case of demographers. Scientometrics. 50(3),

455–482.
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idiosyncratic uses of citations are largely mitigated and citations can therefore be used with a high level
of confidence.
Citation count
The number of citations received by a scientific article or publication is considered a measure of the
impact of that contribution on the scientific community: the higher the number of citations, the greater
the scientific impact. The number of citations can be aggregated to establish citation counts for an
individual scientist, a research group, a department, an institution or a country.
A number of problems can be associated with absolute citation counts, notably since citation practices
differ between sub-fields of science, such as physical chemistry and colloidal chemistry,10,11 and citations
accrue at different rates depending on the field. Citation counts are also affected by the period over which
they are counted, and the importance of this factor has been characterized by a number of authors.12,13,14
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 the
use of normalized, relative citation counts.
Average of relative citations (ARC)
A high-quality paper in a field where fewer citations are given could receive fewer citations than an
average-quality paper in a field with heavy citing practices. It would not be rigorous to compare these
papers on absolute terms. A number of indicators have been developed to take these field specificities
into account. They are called average relative citation measures.
One way to increase the fitness of citation counts is to calculate them relative to the size of the publication
pool analyzed, or better, to the citation performance expected for the scientific field or sub-field. In the
first instance, the number of citations accrued by an individual scientist, an institution or a country for a
specific set of articles is divided by the number of articles in that set. The assumption here is that the
number of citations received by the individual, institution or country is closely linked to the number of
articles published. To further increase the fitness of the citation analysis, the results of this citation per
publication ratio can be compared to an expected citation rate, which is the citation per publication ratio
of all articles in the journal or the subfield where the research unit publishes. This additional sophistication
is based on the assumption that practices in different scientific subfields have an impact on the citations
normally received in that field, and that comparison of the unmodified citation-to-publication ratio
between different fields is not rigorous.

10 Braun, T. (2003). The reliability of total citation rankings. Journal of Chemical Information and Computer Sciences, 43(1), 45–46.
11 Frandsen, T. F. (2005). Journal interaction. A bibliometric analysis of economics journals. Journal of Documentation, 61(3), 385–401.
12 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.

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

university research performance. Research Policy, 14(3), 131–149.

14 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.
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The average of relative citations (ARC) computed by Science-Metrix is an indicator of the scientific impact
of papers produced by a given entity (e.g., a country, an institution) that takes into consideration the fact
that citation behavior varies between fields. For a paper in a given subfield (based on the classification of
journals described previously in this section), the citation count is then divided by the average count of
all papers in the relevant subfield (e.g., astronomy & astrophysics) to obtain a relative citation count (RC).
The ARC of a given entity (e.g., a country, an institution) is the average of the RC of papers belonging to
it. When the ARC is above 1, an entity (e.g., country, institution, researcher) scores better than the world
on average; when it is below 1, an entity publishes papers that are not cited as often as the world on
average. The ARC is calculated as follows:


T 
Ci j, y
t
ARC   
Tj, y  C

i j , y 1
k j, yt
  
 k j , y 1  T j , y












where
i j,y
C i j,y
T
C k j,y
t
T j,y
yt

Paper from an entity which falls in a specific subfield j and published in
period y
Citations to paper i j,y
Total number of papers from a given entity
Citations to paper k j,y during the period yt which falls in a specific
subfield j and published in period y
Total number of papers from subfield j published in period y
Years where citations to paper i j,y are considered

Highly cited publications and citation percentiles
To compute the proportion of papers of an entity that are in the top x% most cited papers, the top x%
most cited papers at the world level must first be determined. To account for the variations in citation
behavior between the disciplines and over time, the top x% for the whole database is composed of the
top x% for each discipline for each given year. Because some publications are tied based on their citation
score, to include all publications in the database that have a citation score equal to or greater than the x%
threshold would often lead to the inclusion of slightly more than x% of the database. To ensure that the
proportion of publications in the x% most cited publications in the database is exactly equal to x% of the
database, publications tied at the threshold citation score are each given a fraction of the number of
remaining places within the top x%. For example, if a database contains 100 publications, then the top
10% should contain 10 publications. Ranked in descending order of their citation score, if the 9th, 10th,
11th and 12th publications all have the same score, they are each given a quarter of the remaining two
places in the top 10% (0.5 publications of the top 10% each). In addition, in some cases the number of
places in the top 10% most cited publications is not an integer (e.g., if there are 11 publications in the
database, there should be 1.1 publications in the top 10%). In this case, there is a dual fractionation in the
case of ties at the threshold. For example, if there are no ties in the citation score of papers at the
threshold, the paper with the highest score is given a count of 1 and the second paper is given a count of
0.1. If three papers are tied in second place behind the first paper, they are each given a weight of 0.033
(i.e., 0.1*1/3); if the top two papers are tied, they are each given a count of 0.55 (i.e., 1.1/2); and so on.
Following this process, the proportion of papers of a given entity that are in the world’s top x% most
cited papers can be computed. An entity with x% of its papers in the top x% most cited papers would be
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considered to be on a par with the world level. Both full and fractional counting of publications can be
used. In fractional counting, there could thus be a triple fractionation (i.e., a tie on the citation score, the
x% is not an integer and the paper is co-authored).

Fractioning of citations
The preparation of the next two indicators entails fractioning of citations across both citing and cited
articles using double fractioning counts—that is, by fractioning citing articles and their corresponding
cited articles at the same time at the author level (see Section 2.4.1 for details on how to fraction articles).
By doing so, the rightful fractions of citations can be allocated to each pair of citing author–cited author.
After performing the fractioning of citing articles and cited articles, the final fraction associated with each
pair of citing author–cited author is then simply the product of the fractions associated with each author.
Table X presents the case of one citing article and one of its cited articles. The citing article was published
by six authors indexed under five addresses, while the cited article was published by three authors under
four addresses. In each case, the corresponding fraction of the article being assigned to the author is
displayed in the table, based on the total number of authors (e.g., a fifth of the article by authors on the
citing article, and additional fractioning of that fifth across addresses for authors indexed on more than
one address) and each possible pair of citing author, citing address, cited author and cited address is
prepared as shown below. Summing across all these pairs results in a total of one, the citation coming
from one document to another always adding up to one citation, avoiding duplication in the counting.
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Table X
Citing article
Scopus ID

29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137
29969137

Note:
Source:
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Example of citation fractioning on a pair of citing–cited articles

Sequence Sequence of Fractional count
Country of
address on
author on on citing article author on citing
citing article citing article
(FRCiting)
article
1
1
1
1
1
1
1
1
1
1
2
2
2
2
2
3
3
3
3
3
3
3
3
3
3
4
4
4
4
4
5
5
5
5
5
6
6
6
6
6

1
1
1
1
1
2
2
2
2
2
2
2
2
2
2
1
1
1
1
1
3
3
3
3
3
4
4
4
4
4
5
5
5
5
5
1
1
1
1
1

0.067
0.067
0.067
0.067
0.067
0.100
0.100
0.100
0.100
0.100
0.100
0.100
0.100
0.100
0.100
0.067
0.067
0.067
0.067
0.067
0.200
0.200
0.200
0.200
0.200
0.200
0.200
0.200
0.200
0.200
0.200
0.200
0.200
0.200
0.200
0.067
0.067
0.067
0.067
0.067

Australia
Australia
Australia
Australia
Australia
Australia
Australia
Australia
Australia
Australia
Israel
Israel
Israel
Israel
Israel
United States
United States
United States
United States
United States
United States
United States
United States
United States
United States
United States
United States
United States
United States
United States
Australia
Australia
Australia
Australia
Australia
Russia
Russia
Russia
Russia
Russia

Cited article
Scopus ID

33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481
33748479481

Sequence Sequence of Fractional count
Country of
on cited article author on cited
address on
author on
cited article cited article
(FRCited)
article
1
1
2
3
4
1
1
2
3
4
1
1
2
3
4
1
1
2
3
4
1
1
2
3
4
1
1
2
3
4
1
1
2
3
4
1
1
2
3
4

1
2
2
3
1
1
2
2
3
1
2
1
2
3
1
1
2
2
3
1
1
2
2
3
1
2
1
2
3
1
2
1
2
3
1
1
2
2
3
1

Fractional count
of citing/cited
pair
(FRCiting X FRCited)

0.167
Australia
0.167
Australia
0.167
Israel
0.333
Australia
0.167
United States
0.167
Australia
0.167
Australia
0.167
Israel
0.333
Australia
0.167
United States
0.167
Australia
0.167
Australia
0.167
Israel
0.333
Australia
0.167
United States
0.167
Australia
0.167
Australia
0.167
Israel
0.333
Australia
0.167
United States
0.167
Australia
0.167
Australia
0.167
Israel
0.333
Australia
0.167
United States
0.167
Australia
0.167
Australia
0.167
Israel
0.333
Australia
0.167
United States
0.167
Australia
0.167
Australia
0.167
Israel
0.333
Australia
0.167
United States
0.167
Australia
0.167
Australia
0.167
Israel
0.333
Australia
0.167
United States
Sum of fractioned citations:

0.011
0.011
0.011
0.022
0.011
0.017
0.017
0.017
0.033
0.017
0.017
0.017
0.017
0.033
0.017
0.011
0.011
0.011
0.022
0.011
0.033
0.033
0.033
0.067
0.033
0.033
0.033
0.033
0.067
0.033
0.033
0.033
0.033
0.067
0.033
0.011
0.011
0.011
0.022
0.011
1.000

The citing article was published in 1998, thus cited articles accounted for here are those published
between 1996 and 1998.
Prepared by Science-Metrix using Scopus (Elsevier)

Relative citation index
For this indicator, data are presented according to the publication year of cited articles, and citations are
counted using a fixed citation window of three years (i.e., citations from a document published in
publication year up until publication year + 2). However, because the scores are normalized with the
average for the subfield in the same year, a longer window could have been used. This could be
implemented in subsequent editions of the SEI.
Normalizing citation counts by a country’s publication output is essential for correct interpretation of the
data. The expected share of citations that one country receives from another depends on the number of
articles that the cited country produces. For instance, if the U.S. had authored about 22% of all 2010
articles, it would be assumed that, all things being equal, U.S. publications should account for about 22%
of each country’s citations to 2010 papers for the pool of articles covered during this period. Those
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countries above this level would be showing a preference for citing the U.S., and those below this level
would be citing the country less frequently than expected. Dividing the share of a country’s references to
U.S. articles by the expected share given the size of output of the U.S. in 2010 results in a relative citation
index. For instance, if 25% of all China’s citations to publications published in 2010 are to U.S.
publications, and the U.S. published 22% of all articles released in 2010, China’s RCI towards the U.S.
would stand at 25%/22%=1.14.
To account for all citations between country pairs, the fractioning presented above at Table X needs to
be prepared for every pair of citing-cited articles in the database. Note that both citing and cited articles
must be peer-reviewed documents to be included in this analysis. Fractioning both citing and cited articles
and looking at all the possible combinations in the database results in billions of pairs. In the end, the
number of citations made from one country to another is simply the sum of the fractioned scores
associated with each pair, with the sum across all possible pairs adding up to the total number of citations
made at the world level. Table XI presents the totals per country pair for the case presented above at
Table X. As it should be, the sum of citations across all country pairs adds up to a count of one citation.
Table XI

Citations counts between country pairs for a pair of citing–cited articles

Cited Country
Australia

Citing Country
Australia
Israel
Russia
United States

Australia Total

Australia
Israel
Russia
United States

Israel Total

0.061
0.017
0.011

0.078
0.167

United States

Australia
Israel
Russia
United States

United States Total

World
Source:

0.311
0.667

Israel

Note:

Fraction of Citation
0.244
0.067
0.044

0.061
0.017

0.011
0.078
0.167

All countries

1.000

The calculation refers to the case presented at Table X. These data are based on a fictive case of a
citing–cited pair of articles.
Prepared by Science-Metrix using Scopus (Elsevier)

The share of citations of a country at the end of the process is simply the sum of citations received from
all countries divided by the total number of citations at the world level. In the cases presented in Table
XI, Australia’s share of the citations stands at 66.67%, that of Israel at 16.67% and that of the U.S. at
16.67%, which adds up to 100%.
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International citations
This indicator makes it possible to identify the share of a region’s or country’s citations that originate
from abroad. It is prepared using the same fractioning presented in Section 2.4.6 and detailed in an
example at Table X. The difference here is that instead of only adding up all citation counts to a country
across pairs to obtain the number of citations, a total is also compiled for citations coming from outside
the country. The ratio of both citation counts results in the share of a country’s citations received from
international sources. In the example presented in Table XI, Australia’s share of international citations,
coming from Israel, Russia and the U.S., would stand at 63.33% (i.e., (0.067+0.044+0.311)/0.667) for
this pair of citing–cited articles.
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3 Patent indicators
The patent indicators in this report were produced using an in-house implementation of the PatentsView
patent database, a platform derived from the United States Patent and Trademark Office (USPTO) bulk
data files. To accomplish such tasks, in-house versions of both databases were built on an SQL server
and were carefully conditioned for the production of large-scale comparative patent analyses. The patent
indicators included in the previous edition of the SEI were produced by Science-Metrix using data from
the USPTO and EPO indexed in LexisNexis, a product from Elsevier. The differences between the
databases and the implications of these differences for the production of bibliometric indicators for the
SEI will be briefly summarized further in this section.

3.1 Kind codes
Kind codes are a classification system used across patent offices to classify document types. Each patent
office has its own classification system, and although similar codes are often used across offices, these
systems are not related to one another. One cannot assume that an identical kind code means the same
thing across different offices.
The patent indicators for this study were produced using a set of kind codes that select granted utility
patents and applications, although the indicators were only computed on granted utility patents. Kind
codes associated with utility patents at the USPTO were limited to three document types: A, B1 and B2.
Kind code A applies to granted patents before 2001, while B1 and B2 replaced this kind code starting 2
January 2001. Details about these document types are presented in Table XII. Other types of granted
patents were excluded from the analysis, including design patents (S) and plant patents (P).
Table XII USPTO kind codes included for the production of statistics on granted
patents
WIPO ST.16 Kind Codes

Kind of document

Comments

A

Patent (Granted)

No longer used as of January 2, 2001 (Kind code replaced by B1 or B2)

B1

Patent (Granted)

No previously published pre-grant publication

B2

Patent (Granted)

Having a previously published pre-grant publication and available March 2001

Source:

Kind codes included on the USPTO Patent Documents (http://www.uspto.gov/learning-andresources/support-centers/electronic-business-center/kind-codes-included-uspto-patent)

3.2 Database
Most of the analyses were prepared using data from the USPTO indexed in PatentsView. The database
provides details on patents such as full titles and abstracts, the country and state (when available) of the
inventors and applicants, as well as names of the inventors and applicants. In most cases, applicants are
organizations, although they are sometimes individuals when the patent is not assigned to any
organization. The database also provides information on three classification schemes: the U.S. national
classes (the USPC classes, although these are not available after 2015 as the system is no longer in use),
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the World Intellectual Property Organization’s (WIPO) International Patent Classification (IPC), and the
Cooperative Patent Classification (CPC). The CPC was produced in partnership between the USPTO
and the EPO; it replaced the USPC classes after 2015, and the European Classification System (ECLA)
after 2012. PatentsView is suitable for the production of technometric data dating from 1976, whereas
patent data in the previous round of the SEI were largely prepared for the period 1996 to the present.

3.3 Database implementation
The USPTO data are available in bulk downloads on the PatentsView website. A set of tables can be
downloaded and then uploaded into any database management system. In the present case, PatentsView
tables were uploaded into the Science-Metrix SQL server. The process is straightforward and does not
require any treatment because the data are already parsed. Documentation15 presenting the content of the
tables is available on the PatentsView website. The resulting database is structured as follows:

Figure 6

PatentsView database structure

Source:

Prepared by Science-Metrix

15 http://www.patentsview.org/data/Patents_DB_dictionary_bulk_downloads.xlsx

January 2018
© Science-Metrix Inc.

32

Bibliometrics and Patent Indicators for the Science and Engineering Indicators 2018

Technical Documentation

3.4 Data standardization
Mapping of patents by technical fields
In SEI 2016, patents were matched on a classification scheme of 35 technical fields16 developed by the
World Intellectual Property Organization (WIPO). The main objective behind the development of such
a classification was to provide a tool for country comparisons.17 This scheme was selected to replace the
previous proprietary classification developed by the Patent Board. The technical fields defined by this
classification are listed at Table XIII.
Table XIII WIPO classification scheme for the production of SEI patent indicators
Analysis of biological materials
Audio-visual technology
Basic communication processes
Basic materials chemistry
Biotechnology
Chemical engineering
Civil engineering
Computer technology
Control
Digital communication
Electrical machinery, apparatus, energy
Engines, pumps, turbines
Environmental technology
Food chemistry
Furniture, games
Handling
IT methods for management
Machine tools
Source:

Technical Fields
Macromolecular chemistry, polymers
Materials, metallurgy
Measurement
Mechanical elements
Medical technology
Micro-structural and nano-technology
Optics
Organic fine chemistry
Other consumer goods
Other special machines
Pharmaceuticals
Semiconductors
Surface technology, coating
Telecommunications
Textile and paper machines
Thermal processes and apparatus
Transport

IPC Technology Concordance Table

This classification scheme is based on the IPC classification. But the most recent U.S. patents are only
classified using the Cooperative Patent Classification (CPC). Using this scheme as a starting point is more
practical given that many classification schemes needed for this project could be linked to the CPC
classification (e.g., IPC, ECLA). In order to classify the patent by technology fields, a concordance table
between CPC and IPC codes prepared by the USPTO, in collaboration with the EPO, was used.18

16 Classification scheme from IPC8 codes to technical fields. Available at

http://www.wipo.int/ipstats/en/statistics/technology_concordance.html

17 Concept of a Technology Classification for Country Comparisons. Available at

http://www.wipo.int/edocs/mdocs/classifications/en/ipc_ce_41/ipc_ce_41_5-annex1.pdf

18 http://www.cooperativepatentclassification.org/cpcConcordances.html
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The WIPO technical field classification scheme is mutually exclusive in that no IPC code is assigned to
more than one technical field. In the rare cases that remained unmatched to a technical field after the
code conversion process, the leftover IPC codes were assigned to an additional field entitled Unclassified
so that the sum of patents across technical fields would add up to the total number of patents.
Patents can be assigned more than one IPC code and therefore potentially more than one technical field
if multiple codes are not all assigned to the same field. To make sure that the sum of patents across
technical fields added up to the total number of patents, it was necessary to fraction patent counts by
technical field. Patents were fractioned according to the number of WIPO technical fields to which they
were assigned, each technical field receiving an equal weight. For instance, a patent assigned to three
different IPC codes pointing to two distinct technical fields would see each of these fields receive half of
the patent count. The following example in Table XIV details this process for one patent.
Table XIV Example of a patent fractioned by technical fields according to IPC
codes, following conversion from CPC codes
C PC C odes
Section C lass
B
08
B
24
B
24
B
08
B
08
B
08
B
08

Subclass
B
B
B
B
B
B
B

Group
3
53
21
3
1
1
3

M ain Group
022
017
04
041
02
007
123

IPC C odes (C oncordance w ith C PC codes)
Section C lass Subclass M ain Group Subgroup
B
8
B
3
2
B
24
B
53
17
B
24
B
21
4
B
8
B
3
4
B
8
B
1
2
B
8
B
1
0
B
8
B
3
12

Technical F ield
C hem ical engineering
M achine tools
M achine tools
C hem ical engineering
C hem ical engineering
C hem ical engineering
C hem ical engineering

Total fraction of patent by technical field
C hem ical engineering
0 .5
M achine tools
0 .5

Source:

Prepared by Science-Metrix using the IPC Technology Concordance Table
(http://www.wipo.int/ipstats/en/statistics/technology_concordance.html)

External File 9: IPC technology concordance table
or online at: http://www.wipo.int/export/sites/www/ipstats/en/statistics/patents/xls/ipc_technology.xls

Mapping of patents in sustainable energy technologies
The SEI report also presents statistics according to a set of patents associated with sustainable energy
technologies. These statistics are based on categories developed by the Patent Board under an NSF
contract, using keyword queries in titles, abstracts, claims and the full-text version of patents. The
categories are also defined using patent codes (e.g., IPC codes, ECLA codes and USPC codes), as well as
applicants’ names.19 Overall, four main categories are defined: alternative energy technologies, energy
storage technologies, pollution mitigation technologies and smart grid technologies. These four categories
comprise 28 subcategories, which are detailed in Table XV.

19 For more details see the working papers entitled “Identifying Clean Energy Supply and Pollution Control Patents,” available from

https://www.nsf.gov/statistics/2015/ncses15200/
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The definition of the sustainable energy patent technologies applied for SEI 2018 is identical to the one
used for SEI 2016. However, one important change that will need to be addressed for future iterations is
the use of the United States Patent Classification (USPC) System in the definition of sustainable energy
technologies. Some technologies include USPC codes in their definition, but these codes stopped being
assigned to USPTO patents in 2015 following the adoption of the CPC classification. This will result in
declines in the numbers of patents assigned to these technologies in the future if no modifications are
made to these definitions.20
Table XV Sustainable energy technologies technical areas
Alternative energy
production

Energy storage

Energy management
(smart grid)

Pollution mitigation

Bioenergy

Batteries

Advanced components

Recycling

Geothermal

Flywheels

Sensing and
measurement

Air

Hydropower

Superconducting
magnetic energy

Advanced control
methods

Solid waste

Nuclear

Ultracapacitors

Improved interfaces and
decision support

Water

Solar

Hydrogen production
and storage

Integrated
communication

Environmental
remediation

Wave/tidal/ocean

Thermal energy storage

Cleaner coal

Wind

Compressed air

Carbon and greenhouse
gas capture and storage

Electric/hybrid vehicles
Fuel cells
Source:

Classification based on the classification of sustainable energy technologies by the Patent BoardTM

External File 10: Patent number to clean technology

20 Unfortunately, there is no simple scheme to match USPC codes to the CPC or IPC classifications. Therefore, it is not possible to

use conversion tables to adapt the queries defining these categories so that they do not require USPC codes anymore. This issue
will need to be addressed well before the start of data production for SEI 2020 in order to ensure that enough time is available to
adapt the definitions of the sustainable energy technologies.
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Linking citations to non-patent literature to bibliometric database
This section presents the various tasks that were performed in order to link patents with scientific
publications by using the references made to scientific publications within patents.
Extracting references
All references from patents indexed in the USPTO that were tagged as “non-patent literature” were first
extracted from the PatentsView patent database (i.e., in table “Otherreference”). This represented
29,971,179 reference strings, each tagged individually within the database using a unique identifier (uuid).
Although named “non-patent literature”, the field contains many references to patent literature. It also
contains numerous references to non-scientific literature such as handbooks, instruction manuals,
Wikipedia pages, and so forth. Here are a few examples of reference strings to patent literature, incorrectly
tagged as “non-patent literature” in the PatentsView database:
▪
▪
▪
▪
▪

International Searching Authority, International Search Report [PCT/ISA/210] issued in
International Application No. PCT/JP2004/017961 on Feb. 1, 2005.
Israeli Patent Office, Office Action issued in Israeli Application No. 187840; dated Mar. 10, 2010.
New Zealand Patent Office, Office Action in NZ Application No. 563863; issued Jul. 1, 2010.
Russian Patent Office, Office Action in Russian Application No. 2007148992; issued Jun. 23, 2010.
European Patent Office, Supplementary European Search Report dated Feb. 12, 2010 in European
Application No. 04819909.5.

And a few examples of reference strings leading to material that is neither peer-reviewed scientific nor
patent literature:
▪
▪
▪
▪

Webpage CLEAT from http://ezcleat.com/gallery.html dated Apr. 19, 2011.
Automotive Handbook, 1996, Robert Bosch GmbH, 4th Edition, pp. 170-173.
Periodic Table of the Elements, version published in the Handbook of Chemistry and Physics,
50thEdition, p. B-3, 1969-1970.
Microsoft aggressive as lines between Internet, TV blur dated Jul. 29.

Here is an example of a proper reference string to peer-reviewed scientific literature with the various
elements of bibliographic information indicated in different colors:
▪

Grinspoon, et al., Body Composition and Endocrine Function in Women with Acquired
Immunodeficiency Syndrome Wasting, J. Clin Endocrinol Metab, May 1997, 82(5): 1332–7.
Authors, Title, Journal, Date, Volume, Issue, Pages

Pre-processing: References not containing a date
In order to ease the highly computing-intensive process and to enable the production of valid statistics
in regard to the performance of the matching algorithm, these data must first be reduced to references to
scientific material only. The first step eliminates all reference strings not containing a date, or more
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specifically, a year. Moreover, the Scopus database only indexes scientific material from 1996 and up,
rendering matches for material prior to 1996 impossible.
Pre-processing: Removing references to patent literature and generic material
Identifying references to peer-reviewed scientific literature within this pool is an easy task if recall is not
a concern. If, however, the goal is to identify all references to peer-reviewed scientific literature within
the pool, the task becomes extremely arduous. It is easier and much more efficient to eliminate reference
strings that are obviously patent related or that point to generic material and deem the remainder valid
candidates for a match.
N-grams are contiguous sequences of n items from a given sequence. In this case, items are words and
sequences are reference strings. Studying high-frequency n-grams is a very efficient way of separating
noise from useful data in a corpus. For example, the 10 most frequent 2-grams in the original pool of
reference strings during data preparation for SEI 2014 are listed at Table XVI.
Table XVI Most frequent 2-grams in patent reference strings
Rank

2 -gram s

F requency

1

ET AL

9,057,092

2

US

2,385,810

3

APPL NO

2,036,765

4

S APPL

2,0246,20

5

OF THE

1,492,354

6

OFFICE ACTION

1,159,499

7

JOURNAL OF

954,351

8

APPLICATION NO

800,897

9

NO 11

794,935

SEARCH REPORT

760,949

10
Source:

SEI 2014 technical documentation

In this small subset of 2-grams, there are six expressions that are obvious signifiers for patent literature
(U S, APPL NO, S APPL, OFFICE ACTION, APPLICATION NO, SEARCH REPORT), two
expressions very common to scientific literature (ET AL, JOURNAL OF) and two other expressions that
are so generic as to be useless in this context (OF THE, NO 11).
Matching references to scientific literature
Using advanced fuzzy matching algorithms, these references were tested against article entries in the
Scopus database.
Numerous techniques, including direct string matching, bag-of-words models, candidate clustering, and
supervised machine learning were used to match the reference strings to actual articles. The matching
algorithm was tuned to favor precision at the expense of recall. A total of 6,512,536 references were
matched with high confidence to scientific literature in the Scopus database. The complete matching table
is provided in an external .txt file.
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External File 11: Patent number and uuid to Scopus ID
A large share of the remaining references are non-scientific references, references to scientific articles not
indexed in the Scopus database, or references lacking information to confidently match them to a
publication. Here are examples of unmatched references:
▪
▪
▪

▪

▪
▪
▪
▪
▪
▪
▪
▪

Cohen et al. Microphone Array Post-Filtering for Non-Stationary Noise, source(s): IEEE, May
2002.
Mizumachi, Mitsunori et al. Noise Reduction by Paired-Microphones Using Spectral Subtraction,
source(s): 1998 IEEE. pp. 1001-1004.
Demol, M. et al. Efficient Non-Uniform Time-Scaling of Speech With WSOLA for CALL
Applications, Proceedings of InSTIL/ICALL2004 NLP and Speech Technologies in Advanced
Language Learning Systems Venice Jun. 17-19, 2004.
Laroche, Jean. Time and Pitch Scale Modification of Audio Signals, in Applications of Digital
Signal Processing to Audio and Acoustics, The Kluwer International Series in Engineering and
Computer Science, vol. 437, pp. 279-309, 2002.
Tekkno Trading Project Brandnews, NSP, Jan. 2008, p. 59.
Merriam-Webster Online Dictionary, Definition of Radial (Radially), accessed Oct. 27, 2010.
Merriam-Webster Online Dictionary: definitions of uniform and regular, printed Jul. 8, 2006.
Article: Mictrotechnology Opens Doors to the Universe of Small Space, Peter Zuska Medical
Device & Diagnostic Industry, Jan. 1997.
Article: For lab chips, the future is plastic. IVD Technology Magazine, May 1997.
Affinity Siderails Photographs dated Dec. 2009, numbered 1-6.
Information Disclosure Statement By Applicant dated Jan. 24, 2013.
Merriam-Webster's Collegiate Dictionary, published 1998 by Merriam-Webster, Incorporated, p.
924.

At the end of the matching process, manual validations to estimate recall and precision were performed.
Overall, the precision of the patent references matched to scientific publications stood at around 96%.
Using a sample of 100 patent references that were not matched, recall was estimated at 98%—that is,
only two of these references could be linked to scientific publications when searched for manually. This
number is especially important because it makes it possible to estimate the number of references to
scientific publications missed by the matching algorithms. In total, of the 29,971,179 references available
in the “otherreference” table, 6,512,536 could be matched to a scientific publication indexed in Scopus.
This leaves about 23.4 million references unmatched. Using the 98% recall estimated above on a sample
of unmatched references, this means that approximately 2% of the 23.4 million references, or about
500,000 results, could potentially be references to scientific publications that the algorithm could not
match. Therefore, the expected total number of matched references should stand at about 7 million,
meaning that recall for the current exercise stands at about 93%. While it is expected that further
improvement to the matching algorithm could be performed in the future, it will become extremely
difficult to increase recall without compromising on precision because the missed cases are all hard-tocatch cases that will not be easily retrieved.
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Data standardization: country, country groups, regions
To provide comparisons across countries and regions, data at the regional and national levels are
presented in the SEI. It is fairly simple to identify publications at the national level in USPTO patents
because two-letter country codes of inventors and applicants are provided in PatentsView. Online
documentation on the USPTO website includes a conversion table from country codes to country
names.21 Science-Metrix matched country groups and regions using the USPTO conversion table, which
enables quick identification of all countries included under each country group or region. A few
corrections to country codes were performed to reassign outdated country codes to new codes reflecting
geopolitical changes (e.g., Yugoslavia used for addresses in Serbia, Serbia and Montenegro, Slovenia).
Similar corrections were applied for data on Puerto Rico and the U.S. Virgin Islands. These were included
under “Central and South America” in the last round of the SEI, but in the 2018 round they were included
under “North America”, with the U.S. Virgin Islands being included under the U.S. and Puerto Rico
being presented separately from the U.S. To achieve this, country information had to be corrected for
both of these countries because although they often appear under their proper country code in the
database (i.e., PR and VI), in many cases the country code is instead set to “US”, with “PR” and “VI”
being instead displayed in the state information. As a result, all country codes set to “US” for which the
state code was displayed as “PR” were reassigned to “PR”, and all country codes assigned to “VI” were
replaced with “US”, to provide the valid number of patents for both.

External File 12: Patent number and SEQ to countries and regions

Data standardization: U.S. states
Information regarding states for inventors and applicants on USPTO patents is provided in PatentsView;
however, it is generally absent for most countries other than the U.S. Science-Metrix matched the twoletter U.S. state codes provided in PatentsView to U.S. state names. The total for the U.S. is limited to
one of the 50+1 states (including the District of Columbia), plus the Northern Mariana Islands (coded
“MP”) and the U.S. Virgin Islands (coded “VI”) and the “unclassified” cases for those where state
information was missing or invalid.

External File 13: Patent number and SEQ to American states

21 http://patft.uspto.gov/netahtml/PTO/help/helpctry.htm
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Data coding: U.S. sectors
Coding of U.S. sectors was prepared using information about applicants for which the country code is
“US”. U.S. applicants were assigned to five different sectors:
▪
▪
▪
▪
▪

Government
Private
Academic
Individuals
Others

Automated coding was used to assign non-ambiguous forms of applicant names (e.g., “Univ” in the
academic sector, “inc.” in private) to the corresponding sector. After this first matching step, manual
coding was performed to assign the remaining applicants’ names that could not be automatically assigned.
Coding forms extracted from the SEI 2016 exercise were also used to help during the coding exercise. In
the end, tests were performed to ensure that distinct forms appearing in the database were always coded
under the same sector, ensuring the absence of any ambiguous decisions. Of all U.S. addresses, 99.9%
could be assigned a sector, the remaining cases being listed under a sixth sector, “Unclassified”.
The academic and government sectors have far lower patenting output than the private sector. Because
it was important for the SEI report to have accurate output estimates for these two sectors, ScienceMetrix prioritized the crediting of patents to the academic and government sectors in the rare cases of
multiple matches. If these sectors had not been prioritized, it is believed that slightly inaccurate and lower
estimates of patenting activity for these two sectors would have been obtained because these few cases,
although almost unnoticeable at the level of output measured for the private sector (i.e., about 130,000
patents in 2016), still represent a sizable number of patents at the level of the government and academic
sectors (i.e., about 1,300 and 6,600 patents in 2016, respectively). Also, because many applicants were
assigned to both sectors because of university-affiliated companies, this guided the decision toward
prioritizing the academic sector when dual assignments with the private sector were detected. Although
this decision resulted in a slight bias in favor of the academic and government sectors over the private
sector, this bias is in the end negligible when considering the levels of output measured for the private
sector (i.e., less than 0.05% difference for the private sector).
Manual validation of the sector coding was performed on a random sample of 100 U.S. addresses,
resulting in a precision level of above 99%. Similar levels were observed with samples focusing on the
five main categories individually, ensuring the precision of the results reported for each sector. A similar
test was performed looking at the 0.1% of all addresses that could not be classified. Overall, most
categories were represented in accordance with their expected frequency based on occurrences in coded
addresses, the only notable difference being the small over-representation of the “Others” sector in
unclassified addresses. The “Others” sector represents 0.41% of all addresses in the database, but around
4% of all unclassified addresses. Yet, because unclassified addresses account for such a small number of
cases, correcting for this does not change the proportion of addresses coded under the “Others” sector
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in the U.S., because correcting for this would only add about 120 publications to this sector (or 0.006%
of all publications).

External File 14: US applicant to sector

Non-U.S. academic institutions
As with the coding of U.S. sectors (see Section 3.4.6), automatic and manual coding of applicants from
the academic sector outside the U.S. was performed. Generic forms of academic institutions in different
languages were looked for in the applicants’ names to retrieve all academic applicants across countries
(e.g., Hochschule, ETH, Ecole). Coding from SEI 2016 was used to help and ensure comparability.

External File 15: Non-US applicant to academic sector

3.5 Indicators
This section presents the patent indicators computed as part of this study.

Inventors versus applicants
Most of the indicators prepared for this project are based on data pertaining to inventors. Science-Metrix
assigned country and state affiliations to addresses on patents linked to the inventors (not the organization
owning the rights on the patents, i.e., applicants/assignees). Statistics based on sectors were prepared
using information on applicants because the coding of sectors of activity requires assigning organizations
to their corresponding sector (e.g., a university to the academic sector, a company to the private sector),
and there is no information available on inventors’ affiliation. To avoid any potential confusion between
both concepts, footnotes below the delivered statistics tables always clearly indicate whether the data
presented are based on inventors or applicants.
In cases where information on applicants was not available, the information on inventors was used to
assign patents to countries or regions, assuming that these individuals owned the patents.

Applications versus granted patents
All the statistics compiled were based on granted patents. One important distinction between patent
applications and patent grants is the considerable time lag between the two. While an application is made
closer to the time of invention, the granted patent is closer to the commercial return of the invention.
Useful and complementary statistics can be derived from both approaches. However, several limitations
in the quality of data on applications reduce their potential for the development of indicators. This is
particularly true for U.S. applications, and Science-Metrix usually tries to avoid producing statistics for
these. There are two main reasons for this:
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Applicants can ask that the application not be published.22 Currently, only about 70% of patent
applications are published. This proportion varies by type of industry, PCT (Patent Cooperation
Treaty) versus non-PCT, size of company, country and over time. Science-Metrix is not aware of
any statistics on these variations. Importantly, once patents are granted, applications become
public. So, this subsequently adds to the number of applications that were made public at the
moment of application. Therefore, the exact number of applications for a given year is not known
until at least 7–8 years later because of the time lapse between application and grant. These results
have at least two implications: (1) statistics are always incomplete in more recent years, and (2)
because of the variability in application-to-grant time, statistics for the most recent years are biased.
The quality of data for applications is poor. Several applications do not have any information on
the country and/or the state and/or the applicant name and/or the U.S. class. This information is
sparse, and the quality varies from one provider to another. For instance, PatentsView appears to
only have information regarding applications of granted patents.

Number of patents
As opposed to the multiple indicators prepared using scientific articles, patent counts were the only
indicators prepared using patent data. Full and fractional counting are the two principal ways of counting
the number of patents.
Full counting
In the full counting method, each patent is counted once for each entity listed in the address field (either
for inventors or applicants depending on the statistic being prepared). For example, if two inventors from
the U.S. and one from Canada were awarded a patent, the patent would be counted once for the U.S. and
once for Canada. The same method applies for applicants. If a patent is assigned to Microsoft in the U.S.,
IBM in the U.S. and Siemens in Germany, the patent will be counted once for Microsoft, once for IBM
and once for Siemens. It will also be counted once for the U.S. and once for Germany. When it comes
to groups of institutions (e.g., research consortia) or countries (e.g., the European Union), double
counting is avoided. This means that if inventors from Croatia and France are co-awarded a patent, when
counting patents for the European Union this patent will be credited only once, even though each country
will have been credited with one patent count at the country level.
Fractional counting
Fractional counting is used to ensure that a single patent is not counted several times. This approach
avoids the use of total numbers across entities (e.g., inventors, organizations, regions, countries) that add
up to more than the total number of patents, as is the case with full counting. Ideally, each
inventor/applicant on a patent should be attributed a fraction of the patent that corresponds to his or

22 A few thousand patents cannot be accounted for because of the Invention Secrecy Act of 1951 which prevents disclosure of

technologies presenting a possible threat to national security. However, given that both the granted patent and the application of
these inventions are blocked from publication, this does not impact the decision related to the selection of applications or granted
patents for the preparation of patent counts.
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her level of participation in the invention process compared to the other inventors/applicants.
Unfortunately, no reliable means exists for calculating the relative effort of inventors/applicants on a
patent, and thus each is granted the same fraction of the patent.
For this study, fractions were calculated at the address level for the production of data based on inventors.
In the example presented for full counting (two inventors with addresses in the U.S., one inventor located
in Canada), two thirds of the patent would be attributed to the U.S. and one third to Canada when the
fractions are calculated at the level of addresses. Using the same approach for applicants in the other
example (one address for Microsoft in the U.S., one for IBM in the U.S. and one for Siemens in Germany),
each organization would be attributed one third of the patent.
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