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Abstract Citation information in scholarly data is an
important source of insight into the reception of publi-
cations and the scholarly discourse. Outcomes of cita-
tion analyses and the applicability of citation based ma-
chine learning approaches heavily depend on the com-
pleteness of such data. One particular shortcoming of
scholarly data nowadays is that non-English publica-
tions are often not included in data sets, or that lan-
guage metadata is not available. Because of this, cita-
tions between publications of differing languages (cross-
lingual citations) have only been studied to a very lim-
ited degree. In this paper, we present an analysis of
cross-lingual citations based on over one million English
papers, spanning three scientific disciplines and a time
span of three decades. Our investigation covers differ-
ences between cited languages and disciplines, trends
over time, and the usage characteristics as well as im-
pact of cross-lingual citations. Among our findings are
an increasing rate of citations to publications written in
Chinese, citations being primarily to local non-English
languages, and consistency in citation intent between
cross- and monolingual citations. To facilitate further
research, we make our collected data and source code
publicly available.
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Figure 1 Schematic explanation of terminology.

1 Introduction

Citations are an essential tool for scientific practice. By
allowing authors to refer to existing publications, cita-
tions make it possible to position one’s work within the
context of others’, critique, compare, and point read-
ers to supplementary reading material. In other words,
citations enable scientific discourse. Because of this, ci-
tations are a valuable indicator for the academic com-
munity’s reception of and interaction with published
works. Their analysis is used, for example, to quantify
research output [17], qualify references [1], and detect
trends [5]. Furthermore, citations can be utilized to aid
researchers through, for example, summarization [11] or
recommendation [33, 12] of papers, and through appli-
cations driven by document embeddings in general [7].
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As such analyses and applications require data to be
based on, the availability of citation data or lack thereof
is decisive with regard to the areas, in which respective
insights can be gained and approaches developed. Here,
the literature points in two major directions of lack-
ing coverage—mamely the humanities [9, 24] and non-
English publications [46, 30, 36, 38]. Because most large
scholarly data sets are either artificially limited to few
languages (e.g., English only) or don’t provide language
metadata, a particular practice not well researched so
far is cross-lingual citation. That is, references where
the citing and cited documents are written in different
languages (see (vi) in Figure 1). Cross-lingual citations
are, however, important bridges between otherwise in-
sufficiently connected “language silos” [42, 38].

Because English is currently the de facto academic
lingua franca [37], citations from non-English languages
to English are significantly more prevalent than the
other way around. This dichotomy is reflected in exist-
ing literature, where usually either citations from En-
glish [24, 29], or to English [44, 20, 21, 41] are analyzed.
As both directions involve a non-English document on
one side of the citation, the analysis of either is chal-
lenging with today’s Anglocentric state of citation data.

Setting our focus to cross-lingual citations from En-
glish, we perform a large-scale analysis on over one mil-
lion documents. In line with existing literature we de-
termine the prevalence of cross-lingual citations across
multiple dimensions. Additionally, we investigate the
citation’s usage as well as impact. In particular, the
following research questions are addressed.

RQ1) How prevalent are English to non-English refer-
ences? We consider prevalence in general, in differ-
ent disciplines, across time, and within publications
that use them.

RQ2) In what circumstances are cross-lingual citations
in English papers used? Here we consider self-citation,
geographic origin, as well as citation function and
sentiment.

RQ3) What is the impact of cross-lingual citations in
English documents? We consider the aspects of ac-
ceptance, data mining challenges, as well as impact
on the success of a publication.

Through our analysis, we make the following contribu-
tions.

1. We conduct an analysis of cross-lingual citations
in English papers that is considerably more exten-
sive than existing literature in terms of corpus size
as well as covered languages, time, and disciplines.
This not only makes the results more representative
of the areas covered, but also enables the use of our

collected data for machine learning based applica-
tions such as cross-lingual citation recommendation.

2. We propose an easy and reliable method for iden-
tifying cross-lingual citations from English papers
to publications in non-Latin script languages (e.g.,
Russian and Chinese).

3. We highlight key challenges for handling cross-lingual
citations that can inform future developments in
scholarly data mining.

4. To facilitate further research, we make our collected
data, source code, and full results publicly avail-
able.!

The remainder of the paper is structured as follows. Af-
ter briefly addressing our use of terminology down be-
low, we give an overview of related work in Section 2. In
Section 3 we discuss the identification of cross-lingual
citations, data sources considered, and our data collec-
tion process. Subsequent analyses with regard to our
research questions are then covered in Section 4. We
end with a discussion of our findings and concluding
remarks in Section 5.

Terminology

Because citation, reference and related terms are not
used consistently in literature, we briefly address their
use in this paper. As shown in Figure 1, a citing docu-
ment creates a bibliographical link to a cited document.
We use the terms citation and reference interchange-
ably for this type of link (e.g., “(vi) in Figure 1 marks
a cross-lingual reference,” or “Paper® makes two cita-
tions”). The textual manifestation of a bibliographic
reference, often found at the end of a paper (e.g., “[1]
Smith” in Figure 1), is referred to as reference section
entry, or sometimes reference for short. We call the
combined set of these entries reference section. Lastly,
parts within the text of a paper, which contain a marker
connected to one of the reference section entries are
called in-text citations.

2 Related Work

Existing literature on cross-lingual citations in academic
publications covers analyses as well as approaches to
prediction tasks. These are, however, only based on
small corpora or restricted to specific language pairs.
As shown in Table 1, our work is based on a consider-
ably larger corpus which is also more comprehensive in
terms of the time span and disciplines that are covered.

1 See https://github.com/I11Depence/
cross-lingual-citations-from-en.
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Table 1 Comparison of corpora

Work Type? #Documents #References #Years #Disciplines
Kellsey and Knievel [24] en—* 468 16k 5P 4
Lillis et al. [29] en—* 240 10k 7 1
Schrader [41] *—en 403 5k 2 1
Tang et al. [44] zh—en 2k 17k 10 1
Jiang et al. [20, 21] zh—{en,zh} 14k 38k n/a 1
Kirchik et al. [27] {en,ru}—ru 497k n/a 17 (unrestricted)
Ours en—* 1.1M 39M 27 3

a type=focus reference type (en=English, ru=Russian, zh=Chinese,

b over a span of 40 years

In the following, we describe the works in Table 1 in
more detail, reporting on the key corpus characteristics
and findings. This is complemented by a short overview
of existing literature on various types of cross-lingual
interconnections in media other than academic publi-
cations.

2.1 Cross-Lingual Citations in Academic Publications

Literature concerning cross-lingual citations in academic
publications can be found in the form of analyses and
applications. In [24] Kellsey and Knievel conduct an
analysis of 468 articles containing 16,138 citations. The
analysis spans 4 English language journals in the hu-
manities (disciplines: history, classics, linguistics, and
philosophy) over 5 particular years (1962, 1972, 1982,
1992, and 2002). They count cross-lingual citations to
English, German, French, Italian, Spanish, Portuguese,
and Latin, while further languages are grouped into a
category “other.” The authors find that 21.3% of the ci-
tations in their corpus are cross-lingual, but note strong
differences between the covered disciplines. Over time,
they observe a steady total, but declining relative num-
ber of cross-lingual citations per article. The authors
furthermore find, that the ratio of publications that
contain at least one cross-lingual citation is increasing.

Lillis et al. [29] investigate if the global status of En-
glish is impacting the “citability” of non-English works
in English publications. They base their analysis on 240
articles from 2000 to 2007 in psychology journals, and
furthermore use the Social Sciences Citation Index and
ethnographic records. Their corpus contains 10,688 ref-
erences, of which 8.5% are cross-lingual. Analyzing the
prevalence of references in various contexts, they find
that authors are more likely to cite a “local language” in
English-medium national journals than in international
journals. Further conducting analyses of e.g. in-text ci-
tation surface forms, they come to the conclusion that
there are strong indicators for a pressure to cite English
rather than non-English publications.

*=any)

Similar observations are made by Kirchik et al. [27]
concerning citations to Russian. Analyzing 498,221 pa-
pers in Thomson Reuters’ Web of Science between 1993
and 2010, they find that Russian scholars are more than
twice as likely to cite Russian publications when pub-
lishing in Russian language journals (21% of citations)
than when they publish in English (10% of citations).

In [41] Schrader analyzes citations from non-English
documents to English articles in open access and “tra-
ditional” journals. The corpus used comprises 403 cited
articles published between 2011 and 2012 in the disci-
pline of library and information science. The articles
were cited 5,183 times (13.8% by non-English docu-
ments). In their analysis the author observes that being
open access makes no statistically significant difference
for the ratio of incoming cross-lingual citations of an ar-
ticle, or the language composition of citations a journal
receives.

Apart from analyses, there are also approaches to
prediction tasks based on cross-lingual citations [44, 20,
21, 33]. Tang et al. [44] propose a bilingual context-
citation embedding algorithm for the task of predict-
ing suitable citations to English publications in Chinese
sentences. To train and evaluate their approach, they
use 2,061 articles from 2002 to 2012 in the Chinese Jour-
nal of Computers, which contain citations to 17,693 En-
glish publications. Comparing to several baseline meth-
ods, they observe the best performance for their novel
system. Similarly, in [20] and [21] Jiang et al. propose
two novel document embedding methods jointly learned
on publication content and citation relations. The cor-
pus used in both cases consists of 14,631 Chinese com-
puter science papers from the Wanfang digital library.
The papers contain 11,252 references to Chinese pub-
lications and 27,101 references to English publications.
For the task of predicting a list of suitable English lan-
guage references for a Chinese query document, both
approaches are reported to outperform a range of base-
line methods.
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2.2 Cross-Lingual Interconnections in Other Types of
Media

Apart from academic publications, cross-lingual con-
nections are also described in other types of media.
Hale [15] analyzes cross-lingual hyperlinks between on-
line blogs centered around a news event in 2010. In
a corpus of 113,117 blog pages in English, Spanish,
and Japanese, 12,527 hyperlinks (5.6% of them cross-
lingual) are identified. Analysis finds that less than 2%
of links in English blogs are cross-lingual, while the
number in Spanish and Japanese blogs is slightly above
10%. Hyperlinks between Spanish and Japanese are al-
most non-existent (7 in total). Further investigating the
development of links over time, the author observes a
gradual decrease of language group insularity driven by
individual translations of blog content—a phenomenon
described as “bridgeblogging” by Zuckerman [48]. Sim-
ilar structural features are reported by Eleta et al. [10]
and Hale [14] for Twitter, where multilingual users are
bridging language communities.

Focusing on types of information diffusion that are
not textually manifested through connections such as
bibliographic references and hyperlinks, there also is
literature on cross-lingual phenomena on collaborative
online platforms, such as the study of cross-lingual in-
formation diffusion on Wikipedia [26, 40].

Lastly, as with academic publications, there further-
more exists literature on link prediction tasks. In [22]
Jin et al. analyze cross-lingual information cascades and
develop a machine learning approach based on language
and content features to predict the size and language
distribution of such cascades.

3 Data Collection

In this section, we first discuss how to identify cross-
lingual citations. Subsequently, we outline the steps of
data source selection and corpus construction. Lastly,
we describe the key characteristics of our corpus.

3.1 Identification of Cross-Lingual Citations

Identifying cross-lingual citations requires information
about the language of the citing and cited document.
However, this is often missing in scholarly data sets.?
Identifying the involved documents’ language when it
is not given in metadata, however, is challenging, be-
cause (a) the full text, especially of the cited documents,
is not always available, (b) abstracts are not reliable

2 Details are provided in Section 3.2.

because non-English publications often provide an ad-
ditional English abstract, and (c¢) language identifica-
tion on short strings (e.g., titles in references) does not
achieve sufficient results with existing techniques [19].

To nevertheless be able to conduct an analysis of
cross-lingual citations on a large scale, we utilize the
common practice of authors appending an explicit marker
in the form of “(in <Language>)” to such references.
This shifts the requirements from language metadata
or language identification to the existence of reference
section entries in the data. This is because the language
of the cited document is given by the “<Language>"
part of the marker, and the language the marker itself
is written in (i.e., English) provides the citing docu-
ment’s language. For example, the reference section en-
try “M. Saitou, ‘Hydrodynamics on non-commutative
space’ (in Japanese), [...]”® by itself contains enough
information to determine that the cited document is
written in Japanese and the citing document is written
in English.

The question then remains, how common the prac-
tice of using such explicit markers is—that is, to cite,
for example, “A Modern Model Description of Mag-
netism (in Russian)” instead of “Cospementoe modens-
noe onucanue mazremuama”.* To answer this question,
we perform a preliminary analysis on the data set unarX-
ive [39], which comprises 39 million reference section en-
tries. Specifically, we conduct a large automated anal-
ysis on all reference section entries in the data set and
additionally perform a smaller, manual analysis on a
stratified sample of 5,000 references.

In the large automated analysis, we first identify
the cited document’s title within references using the
state-of-the-art [45] reference string parser module of
GROBID [32], and then determine the title’s language
using the language identification tool Lingua,® which is
specialized for very short text. Manually inspecting our
results, we note that non-Latin script languages (e.g.,
Chinese, Japanese, Russian) are detected reliably,® but
Latin script languages (e.g., German and French) are
not. For instance, many English titles are falsely iden-
tified as German.

For non-Latin script languages, which we is shown in
Table 2, only a small fraction of cross-lingual citations
is not explicitly marked. We observe ratios of unmarked

Found in arXiv:1612.01831.

Referring to arXiv:1103.5123.

See https://github.com/pemistahl/lingua.

To be more precise, no language that uses a script different
to the Latin alphabet appears to be falsely identified as English.
We are, however, not able to judge whether languages using the
same non-Latin script—such as languages written in Cyrillic—
are distinguished correctly by Lingua.

(o2
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Table 2 References to non-Latin script languages in
the automated analysis

Cited Language #marked #unmarked
Russian 23,922 303 (1.3%)
Chinese 2,351 10 (0.4%)
Japanese 1,843 5 (0.3%)
Ukrainian 876 15 (1.7%)
Bulgarian 67 0 (0.0%)
Greek 60 1 (1.7%)

Table 3 Results of manual labeling

Cited Language  #references  #marked
(n/a)® 2,737 0
English 2,188 0
French 33 1
German 27 0
Russian 8 6P
Italian 5 1
Chinese 1 1
Japanese 1 1

@ These references did not contain the title
of the cited document, which is common in
physics papers.

b The two remaining unmarked references
contained the cited publication’s title only
transliterated into the Latin alphabet.

cross-lingual citations relative to explicit markers con-
sistently below 2%.7

To get a reliable estimate for Latin script languages
as well, we additionally perform a smaller, manual anal-
ysis. To this end, we label a stratified sample® of 5,000
references from unarXive with the reference’s language
as well as whether an explicit language marker was used
or not. The results of our evaluation are shown in Ta-
ble 3. In accordance with our automated large analysis,
we observe that non-Latin script languages are gener-
ally explicitly marked. For Latin script languages, how-
ever, explicit marking appears to be considerably less
common. We additionally evaluate the automated lan-
guage identification results for our manually annotated
references and measure F1 scores of 0.48, 0.46, and 0.60
for French, German, and Italian respectively. Notably,
less than half of the references with German titles are
detected (44% recall) and more than half of the ref-
erences identified as German are false positives (48%
precision).

7 Because our analysis is based on language identification of
the titles of cited publications, we cannot detect when a non-
English work is cited with a translated title and no explicit
language marker.

8 The sample was stratified according to the referencing doc-
ument’s discipline and month of publication.

The results of above preliminary investigations have
two consequences for the findings in our main analyses,
which are based on explicit language markers. First, a
direct comparison between our results on non-Latin and
Latin script languages is only valid for explicitly marked
cross-lingual citations, as there is a notable amount of
undetected cross-lingual citations for Latin script lan-
guages. Second, the number of undetected cross-lingual
citations for non-Latin script languages such as Chi-
nese, Japanese, and Russian, is negligible. Accordingly,
concerning these languages, our results are valid for
cross-lingual citations regardless of language markers.

3.2 Data Source Selection

As our data source we considered five large scholarly
data sets commonly used for citation related tasks [25,
12]. Table 4 gives an overview of their key properties.
The Microsoft Academic Graph (MAG) and CORE are
both very large data sets with some form of language
metadata present. In the MAG the language is given
not for documents themselves, but for URLs associated
with papers. CORE contains a language label for 1.79%
of its documents. S20RC, the PubMed Central Open
Access Subset (PMC OAS), and unarXive do not offer
language metadata, but all contain some form of refer-
ence sections (GROBID output, JATS [18] XML, and
raw strings extracted from KTEX source files respec-
tively).

From these five, we decided to use unarXive and the
MAG. This decision was motivated by two key reasons:
(1) metadata of cited documents, and (2) evaluation of
the acceptance of cross-lingual citations in English pa-
pers. As for (1), both S20RC and the PMC OAS link
references in their papers to document IDs within the
data set itself (only partly in the PMC OAS, where also
MEDLINE IDs and DOIs are found [13]). This is prob-
lematic in our case, because S20RC is restricted to En-
glish papers, and the PMC OAS is constrained to Latin
script contents,” which means metadata on non-English
cited documents is non-existent (S20RC) or very lim-
ited (PMC OAS). In unarXive, on the other hand, refer-
ences are linked to the MAG, which contains metadata
on publications regardless of language. Concerning rea-
son (2), the fact that unarXive is built from papers on
the preprint server arxiv.org, and the MAG contains
metadata on paper’s preprint and published versions,
allows us to analyze whether or not cross-lingual cita-
tions are affected by the peer review process.

9 See
#q16.

https://www.ncbi.nlm.nih.gov/pmc/about/faq/
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Table 4 Overview of data sets

Data set #Documents Language metadata Refs. resolved to  Reference sections Used
MAG? [43, 47) 230M  (48%Y) MAG - v
CORE* 123M  1.79% CORE -

S20RC [31] 8IM - S20RC 34% (in GROBID parse)
PubMed Central OAS? 2M - mixed 100% (in JATS XML)

unarXive [39] M - MAG 100% (dedicated entity) v

@ Using version 2019-12-26

P Language given for source URLs (not always matching paper language)

¢ See https://core.ac.uk/. Using version 2018-03-01

4 See https://www.ncbi.nlm.nih.gov/pmc/tools/openftlist/

With these two data sources selected, the extent of
our analysis is over one million documents, across 3 dis-
ciplines (physics, mathematics, computer science), over
a span of 27 years (1992-2019).

3.3 Data Collection

To identify references with “(in <Language>)” mark-
ers, we iterate through the total of 39.7M reference sec-
tion entries in unarXive and first filter for the regu-
lar expression \ (\s*in\s+[a-zA-Z] [a-z]+\s*\). This
yields 51,380 matches with 207 unique tokens following
“in” within the parentheses. Within these 207 tokens
we manually remove those referring to non-languages
(e.g., “press” or “preparation”) and correct misspellings
(e.g., “japanease” or “russain”), resulting in 44 unique
language tokens. These are (presented in ISO 639-1
codes) be, bg, ca, cs, da, de, el, en, eo, es, et, fa, fi,
fr, he, hi, hr, hu, hy, id, is, it, ja, ka, ko, la, Iv, mk, mr,
nl, no, pl, pt, ro, ru, sa, sk, sl, sr, sv, tr, uk, vi, and
zh. These 44 languages cover 43 of the 78 languages, in
which journals indexed in the Directory of Open Access
Journals'® (DOAJ) are published as of July 2020. The
one language found in our data, but with no journal in
the DOAJ, is Marathi. In terms of journal count by lan-
guage, above 44 languages cover 97.54% of the DOAJ.
In total, our data contains 33,290 reference section en-
tries in 18,171 unique citing documents. We refer to this
set of documents as the cross-lingual set.

To analyze differences between papers containing
cross-lingual citations in unarXive and a comparable
random set, we also generate a second set of papers. To
ensure comparability we go through each year of the
cross-lingual set, note the number of documents per
discipline and then randomly sample the same num-
ber of documents from all of unarXive within this year
and discipline. This means the cross-lingual set and the
random set have the same document distribution across

10 See https://doaj.org/.

Table 5 Overview of data used

Cross-lingual set Random set unarXive
#Docs 18,171 18,171 1,192,097
#Docs (MAG) 16,300 16,464 1,087,765
#Refs 635,154 536,672 39,694,083
#Refs (MAG) 290,421 242,090 15,954,664
#Cross-lingual refs 33,290 642 33,290

*docs = documents,
refs = reference section entries,

(MAG) = with a MAG ID.

years and disciplines. Table 5 gives an overview of the
resulting data used.

4 Results

In the following we describe the results of our analyses
with regard to the research questions laid out in the in-
troduction. We begin with general numbers concerning
the prevalence of cross-lingual citations. These results
are based on unarXive alone. This is followed by more
in depth observations regarding cross-lingual citations’
usage (e.g., the underlying motivation or the citation’s
function) and impact (e.g., acceptance by reviewers or
challenges for data mining). These subsequent in depth
analyses additionally utilize the MAG metadata.

4.1 Prevalence

We find “(in <Language>)” markers in 33,290 out of
39,694,083 reference section entries (0.08%). These ap-
pear in 18,171 out of 1,192,097 documents (1.5%)—in
other words in every 66th document. Of these 18k doc-
uments, 17,223 cite one language other than English,
864 cite two, 76 three, 7 documents four, and a sin-
gle document cites works in English and five further
languages (Russian, French, Polish, Italian, and Ger-
man). The five most common language pairs within
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Table 6 Most prevalent languages
Language  #References #Documents
Russian 23,922 12,304
Chinese 2,351 1,582
Japanese 1,843 1,397
German 1,244 965
French 931 719

a single document are Russian-Ukrainian (277 docu-
ments), German-Russian (166), French-Russian (135),
French-German (68), and Chinese-Russian (59).

Table 6 shows the absolute number of reference sec-
tion entries and unique citing documents for the five
most prevalent languages, which combined make up
over 90% in terms of both references and documents.
As we can see, Russian is by far the most common,
making up about two thirds of the cross-lingual set.
When breaking down these numbers by year or disci-
pline, it is important to also factor in the distribution
of documents along these dimensions in the whole data
set. Doing so, we show in Figure 2 the relative num-
ber of documents with cross-lingual citations over time
for each of the aforementioned five languages. While
the numbers in earlier years can be a bit unstable due
to low numbers of total documents, we can observe a
downwards trend of citations to Russian, an upwards
trend of citations to Chinese, and a somewhat stable
proportion in documents citing Japanese works. Look-
ing at the numbers per discipline in Figure 3, we can see
that cross-lingual citations occur most often in mathe-
matics papers, and are about half as common in physics
and computer science.

Lastly, within the reference section of a document
that has at least one cross-lingual citation, the mean
value of “cross-linguality” (i.e., what portion of the ref-
erence section is cross-lingual) is 0.083 with a standard
deviation of 0.099. Breaking these numbers down by
discipline, we can see in Figure 4 that there is no large
difference, although mathematics papers tend to have
a slightly higher portion of cross-lingual citations. The
mean values for mathematics, physics and computer sci-
ence are 0.090, 0.078, and 0.080 respectively.

Regarding prevalence we observe that in English
papers in the disciplines of physics, mathematics, and
computer science about 1 in 66 publications contains
at least one explicitly marked citation to a non-English
document. About two thirds of these citations are to
Russian documents, although in the last years there
is a downwards trend with regard to Russian and an
upwards trend in citations to Chinese. Furthermore,
cross-lingual citations appear about twice as often in
mathematics compared to physics and computer sci-
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Figure 2 Relative number of documents citing Rus-
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Showing all aforementioned in the bottom right.

/‘\‘ I’\
SN SN
0.0251 /! Y Se-a
c / ~
® 9 1 A Jrama .
=} n o .
280020 [\ /4
5 0. 1 \ / 1 S
20 Py A
Yo HE J i
c a [ [ th
[J] 1 h [ -—=- ma
1
££0015{ | \/ [\ Aoa
8 - i \ oo \ [ phys
o3 by \ / \ -=~- Cs
o5 B ,’l‘ ! v : |
S ° 0.0109 +/ ~/ (O deeea ! (DS
I 1 ~ v .
c C h TR 1 O
oo ! ! \ }’ SN
o 1 L)
6 i [ \
9O © 0.005 ! \
Q@ - LN
-_— N .
1
1
1
0.000q ¢

1995 2000 2005 2010 2015
date of submission to arXiv.org

Figure 3 Relative number of mathematics, physics,
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ence. These observations suggest that while cross-lingual
citations are not very frequent in general, they might be
worth considering in applications dealing with specific
disciplines and languages (e.g. citations to Russian in
mathematics publications).
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Table 7 Self-citations
0.5 EEE math
phys Self-citations
e s References to loose strict
004 non-English 19% 5%
c
g English 17.9% 11.3%
0.3
©
E which only counts a match of MAG IDs, and a loose
£ 02 metric which counts an overlap of the sets of author
g names on both ends of the reference as a self-citation.
0.14 Table 7 shows that going by the strict metric, self-
citation is twice as common in monolingual citations.
ool LM B IJ Mo o Applying the loose metric, however, self-citation ap-
2 2 2 8 &8 8 B g ¢ B pears to be slightly more common in cross-lingual ci-
g 8 8 8 8 B 2 9 tations. The larger discrepancy between the results of
percentage rage of "cross-lignuality” of reference section the strict and loose metric for cross-lingual citations
Figure 4 “Cross-linguality” of reference sections by suggests that authors publishing in multiple languages
discipline might be less well disambiguated in the MAG. With re-
gard to self-citation being a motivating factor for cross-
lingual citations—be it, for example, due to the need to
4.2 Usage reference one’s own prior work—, we can note that our

Regarding the usage of cross-lingual citations in English

publications we analyze four different aspects. (1) Whether

or not self-citations are a driving factor, (2) to what
degree the geographical origin of a cross-lingual cita-
tion is correlated with the cited document’s language,
(3) what function they serve, and (4) what sentiment
they express towards the cited document.

4.2.1 Self-citation

To assess the relative degree of self-citation when re-
ferring to publications in other languages, we compare
the ratio of self-citations in (a) the cross-lingual ci-
tations within the documents of the cross-lingual set,
and (b) the monolingual citations within the documents
of the cross-lingual set. Comparing two sets of cita-
tions from identical documents allows us to control for
confounding effects such as author specific self-citation
bias.

To determine self-citation, we rely on the author
metadata in the MAG and therefore require both the
citing and cited document of a reference to have a MAG
ID. Within the cross-lingual set, this is the case for
3,370 cross-lingual references and 264,341 monolingual
references. While at first, we strictly determine a self-
citation by author IDs in the MAG being identical,
manual inspection of matches and non-matches reveals,
that author disambiguation within the MAG is some-
what lacking—that is, in a non-trivial amount of cases
there are several IDs for a single author. We therefore
measure self-citation by two metrics. A strict metric

data does not suggest this to be the case. Authors using
cross-lingual citations appear to be at least equally as
likely to self-cite when referencing English works.

4.2.2 Geographical Origin

In this section we analyze the geographical origin of
cross-lingual citations. As a measure for geographical
origin we use the country in which a citing author’s af-
filiation is located. We refer to a citation as being to a
“local language” or of “local origin”, if the cited docu-
ment’s language is the most commonly spoken language
in the affiliation’s location. An example of this would
be a researcher affiliated with a research institution lo-
cated in Russia, being the author of a paper in which
they cite a publication written in Russian.

For our analysis, we rely on author affiliation meta-
data in the MAG. We start off with all documents in
the cross-lingual set that have a MAG ID.!! From those,
we select all which provide information on the authors’
affiliations.'? This leaves us with 7,522 out of 16,300
papers. To associate an author’s affiliation with a lan-
guage, we use the most commonly spoken language in
the country or territory.!® Grouping affiliations by lan-
guage, we can then view the correlation of (a) cited

11 T.e., documents for which we have MAG metadata (see Ta-
ble 5).

12 Because a single paper can have authors affiliated with in-
stitutions in different locations, we perform our analysis on a
per author basis.

13 The association between affiliation and country is al-
ready given in the MAG. For data on language use per
country we refer to the Unicode Common Locale Data
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Figure 5 Geographic origin of cross-lingual citations
to the ten most cited languages (absolute count).
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Figure 6 Geographic origin of cross-lingual citations
to the ten most cited languages(relative count).

languages and (b) language grouped affiliations in two
ways. On the one hand, we can see for each cited lan-
guage how many of the citations are of local origin—
compared to, for example, from an English speaking
country. On the other hand, we can see for each lan-
guage group of affiliations how many cross-lingual cita-
tions are to a local language. Our results of this analysis
are shown for the 10 most commonly cited languages in
Figures 5 and 6, and for all identified cited languages
in Appendix A.

Figure 5 shows citation numbers in absolute terms.
Looking, for example, at citations to Russian publica-

Repository’s territory-language information (see https:
//unicode-org.github.io/cldr-staging/charts/latest/
supplemental/territory_language_information.html).
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Figure 7 Geographic origin of cross-lingual citations
(local vs. English speaking countries). Marker size (sur-
face area) indicates number of citations.

tions (the bottom row of the figure), we can see that
the largest amount of citations originates from Russian
speaking countries (5,599 out of 18,672) followed by En-
glish speaking countries (4,535) and German speaking
countries (1,427).

In Figure 6 we show relative numbers per cited lan-
guage. That is, the values of each row add up to 1. Here
we can see that citations to Japanese, Polish and par-
ticularly Portuguese appear to be of local origin com-
paratively often, with 68% for Japanese, 64% for Polish
and 86% for Portuguese. Overall we observe that cross-
lingual citations are most often either of local origin or
from an English speaking country. Evaluated over all
languages, 37% of cross-lingual citations are local (the
diagonal in Figures 5 and 6), while 26% are from the
Anglosphere (the “en” column in Figures 5 and 6).

In Figure 7 we jointly visualize how “locally” cited
each language in our corpus is (x-axis) compared to
which portion of citations originate from English speak-
ing countries (y-axis). Overall, we observe larger vari-
ation on the “locality” dimension (values ranging from
0 to 1 with a variance of 0.058) than on the “from En-
glish speaking countries” dimension (values from 0 to
0.67 with a variance of 0.026). Looking at non-Latin
script languages, we can see that Cyrillic script lan-
guages (e.g., Russian and Ukrainian) are less often of lo-
cal origin than Asian languages (Chinese, Japanese, Ko-


https://unicode-org.github.io/cldr-staging/charts/latest/supplemental/territory_language_information.html
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rean) or languages written in Arabic script (Persian'?).
Narrowing down on above-mentioned three Asian lan-
guages, we observe that for Chinese the relative por-
tion of citations from English-speaking countries (0.41)
is more than double of the same measure for Japanese
(0.19), which is more than triple the value for Korean
(0.06). The comparatively high ratio for Chinese (not
just among Asian languages but overall'®) could be
taken as an indication for two phenomena: first, an
increased relevance of publications written in Chinese
(i.e., a higher necessity to cite) and second, an increased
rate of scholars able to read Chinese in English speaking
country research institutions (i.e., a higher probability
of the ability to cite).

4.2.8 Citation Intent and Sentiment

To assess whether or not cross-lingual citations tend to
serve a different purpose than their monolingual coun-
terpart, and whether or not authors have a different
disposition towards cited works, we analyze the in-text
citations (see Figure 1) in our corpus.

The analysis of in-text citations—commonly referred
to as citation context analysis—is concerned with the
textual context of citations [16]. Two tasks in citation
context analysis are the classification of citation intent
(also referred to as citation function) and citation sen-
timent (also referred to as citation polarity) [16]. Cita-
tion intent can reveal why an author added a reference,
while the citation sentiment can give insight into the
author’s disposition towards that reference. Both cita-
tion intent and sentiment have been used in a number
of diverse tasks, such as classification [23, 8, 4], sum-
marization [6], and citation recommendation [12]. For
citation intent, many schemes have been proposed to
classify different functions, ranging from fine-grained
to coarse-grained schemes. A partial overview of these
can be found in Herndndez-Alvarez [16], Jurgens et
al. [23], Cohan et al. [8], and Lauscher et al. [28]. These
schemes, however, are often domain-specific and too
fine-grained [8]. Jurgens et al. [23] proposed a unified
scheme of previous work (with six categories), while Co-
han et al. [8] proposed a more generalized scheme (with
three categories) that works for multiple domains. Re-
cently, Lauscher et al. [28] expanded these schemes to
multi-sentence and multi-label citation contexts. Given
the number of diverse domains on arXive, we adopt
the general scheme by Cohan et al. [8]. For citation

14 While most varieties of Persian are written in a version of
the Arabic script, there also exists varieties written in Cyrillic
script [34].

15 The overall comparison has, however, to be done keeping
the limitations described in Section 3.1 in mind.

!i!

— monolingual

\!|

References
° e——
° C—

adjacent monolingual
reference

Figure 8 Schematic explanation of an adjacent
monolingual reference.

sentiment, a three category scheme (positive, negative,
or neutral) is widely adopted [3, 1, 16]. Previous ap-
proaches to citation intent and sentiment classification
have used either hand-crafted rules or classical machine
learning models [1, 23], while more recent approaches
using deep learning and word embeddings have demon-
strated significant improvements in performance [8, 4,
28].

For our analysis, we create two, equally-sized sets of
in-text citations. The in-text z-ling set (cross-lingual)
and the in-text mono set (monolingual). In the follow-
ing we describe the creation of both sets, the classifier
model training, and our results for citation intent and
sentiment classification.

DAaTA PREPARATION For the in-text z-ling set we
determine all in-text citations associated with the refer-
ences in the cross-lingual set. This yields 45,516 in-text
citations for our 33,290 cross-lingual references. The in-
text mono set is then created by extracting in-text cita-
tions associated with adjacent monolingual references.
We illustrate this process in Figure 8, showing a paper
with a single cross-lingual reference for which, accord-
ingly, a single adjacent monolingual reference would be
determined and its associated in-text citations (indi-
cated by the two blue markers above) extracted. For
in-text mono we extract 53,177 in-text citations (i.e.,
on average more in-text citations per reference) which
we reduce to 45,516 through stratified sampling. By
sourcing our monolingual in-text citations for compari-
son from the same papers, we avoid confounding effects
such as author specific differences in citation styles.

As a citing sentence can contain more than one ci-
tation marker, it is possible that the in-text citations
associated with two adjacent reference section entries
appear within the same sentence (e.g., as indicated in
the second “text” line in Figure 8). This is the case for
10,454 of the in-text citations we extracted (i.e., these
appear in both sets). We define them as a third set
called mixed, leaving in-text x-ling and in-text mono at
35,062 items each.

MODEL TRAINING Training data for citation senti-
ment and intent classification regarding papers cannot
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Table 8 Class distribution and evaluation details for
the model training.

Data set Class Inst.® PP R¢ F1d
Backgr. 6,375 (58)  86% = 93%
SciCite Method 3,154 (29) 91% 82% 86.6%
Result 1,491 (13) 86% 83%
Neutral 6,901 (87) 91%  98%
Athar Positive 761 (10) 80%  42% 67.9%
Negative 265 (3)  50%  29%
Neutral 265 (33) 7%  59%
Athart Positive 265 (33)  59%  59% 67.7%
Negative 265 (33) 65% 94%
Neutral 6,901 (90) 96% 97%
g ’
Athar Positive 761 (10)  69%  68% 207
Neutral 761 (50)  85%  69%
t
Athar Positive 761 (50)  78% 90% 027

@ Inst. = Number of instances for training and evaluation
(percentage in brackets)
P P = Precision score on test set
¢ R = Recall score on test set
dF1 = Fl-macro score on test set
T = Under-sampled
§ = No Negative class
¥ = Under-sampled & no Negative class

easily be crowdsourced, because domain knowledge is
needed for annotation. As a consequence, available data
sets are comparatively small. We identify SciCite [8] for
citation intent and the data set proposed by Athar [3]
for citation sentiment as most appropriate for our pur-
poses.

— SciCite contains 11,020 citations that originate from
the Semantic Scholar corpus, which covers several
disciplines such as computer science, molecular bi-
ology, microbiology and neuroscience [2]. Citations
in SciCite are labeled regarding their intent across
three categories, namely Background, Method, and
Result. The class distribution can be seen in Table
8. We select the data set because it is currently the
largest available, and classifiers trained on the data
set achieve good performance.

— The data set created by Athar contains 8,736 an-
notated citations from 310 research papers. To the
best of our knowledge, it is the largest citation senti-
ment data set currently available. Following [35], we
manually remove 809 items from the data set that
are either duplicates or too short to be accurately
evaluated regarding their sentiment. The resulting
data set, which we refer to as Athar from hereon,
contains 7,927 citations annotated with one of the
three labels Negative, Neutral, and Positive. Cita-
tions labeled Negative and Positive are comparably
infrequent in the corpus (see Table 8), which makes

Table 9 Citation intent and sentiment classification
results for cross-lingual, monolingual, and mixed in-text
citations. (Values are the number of citations per class

followed by the percentage in brackets.)

Data set Background Method Result
z-ling 26,443 (75.4) 7,749 (22.1) 870 (2.5)
mono 26,232 (74.8) 7,801 (22.2) 1,029 (2.9)
mized 7,688 (73.5) 2,503 (23.9) 263 (2.5)
Neutral Positive Negative
z-ling* 34,100 (97.3) 787 (2.2) 175 (0.5)
mono* 33,792 (96.4) 1,037 (3.0) 233 (0.7)
mized* 10,049 (96.1) 362 (3.5) 43 (0.4)
z-lingt 22,275 (63.5) 12,787 (36.5)
mono? 21,825 (62.3) 13,237 (37.8)
mized* 6,547 (62.6) 3,907 (37.4)

* = Classified using the model trained on Athar
¥ = (Classified using the model trained on Athar*

classifying them more difficult. As possible mitiga-

tion strategies, we consider the following options.

— Athar': balancing the data by under-sampling.

— Athar$: removing the Negative class, as its low
performance (see Table 8) puts its informative-
ness into question.

— Athart: both of the aforementioned.

For each of our classification models, we fine-tune
SciBERT [4], a pre-trained language model for scien-
tific text that achieves state-of-the-art performance on
sentence classification tasks.

Our evaluation results are shown in Table 8. On
both SciCite and Athar our models perform on par with
the best performing models presented in their respec-
tive publications. For citation intent, we achieve an F1
score of 86.6% and relatively similar performance across
classes. For citation sentiment, we achieve an F1 score
of 67.9% on the original Athar data set. Two of our
three class imbalance mitigation strategies (Athar® and
Athar?) result in an increase of the F1 score to over
80%. Of those two we decide to use the model trained
on Atharf. While training on Athar® gives us a slightly
higher F1 score, the model trained on Athart achieves
high precision and recall for positive citations—which
are presumably less common—while also maintaining
good performance for neural citations. Implementation
details for the model training can be found in Appen-
dix B.

CLASSIFICATION RESULTS Based on above evalua-
tion we proceed by using our models trained on SciCite,
Athar, and Athar? to classify the intent and sentiment
of citations in in-text z-ling and in-text mono. In Ta-
ble 9, we show the classification results for citation in-
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Citation intent distribution across arXiv categories

x-ling mono
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Figure 9 Comparison of citation intent distribution
across arXiv categories for in-text z-ling (left) and in-
text mono (right).

tent (top half) and sentiment (bottom half). The clas-
sifiers trained on SciCite and Athar appear to amplify
the unbalanced data distribution they were trained on
to some degree. Comparing the sentiment classifiers
trained on the original Athar and balanced Athar’ data
set, we see that citations classified as Positive increase
from around 3% to almost 38%. We take this as a clear
sign that reliably distinguishing neutral from positive
citations remains a challenge even with state-of-the art
models and training data.

Comparing our results across the data sets in-text
x-ling, in-text mono, and in-text mized we see that in
terms of both intent and sentiment class distributions
are similar. Taking a closer look at citation intent across
the scientific disciplines,'® we can see in Figure 9 that
the distributions are overall comparable among disci-
plines and between cross- and monolingual citations,
with mathematics showing a slightly higher use of back-
ground citations.

Overall, our results for citation sentiment and intent
show no distinct differences between cross- and mono-
lingual citations. This can be taken as an indication
for two things. First, that authors cite existing litera-
ture with a certain intent and sentiment regardless of
the cited work’s language. Second, that cross-lingual—
while occurring less frequent—serve the same functions
as monolingual citations and are therefore not less sig-
nificant.

4.3 Impact

Regarding the impact of cross-lingual citations we an-
alyze whether cross-lingual citations in English papers
are seen as an “acceptable” practice, whether or not
they pose a particular challenge for citation data min-

Table 10 Changes in cross-ling. cit. between

preprints and published papers

Evaluation  #Pairs #Inc.® #Dec.? Mean® SDe
Manual 100 4 7 -0.02 0.529
Automated 498 33 70 -0.12 0.821

2 Inc. = Increased
b Dec. = Decreased
¢ of the differences in the amount of cross-lingual citations

ing, and their potential impact on the success of the pa-
per they’re part of. Our results concerning these three
aspects are described in the following sections.

4.8.1 Acceptance

To assess the acceptance of cross-lingual citations by
the scientific community—that is, whether or not non-
English publications are deemed “citable” [29]—we an-
alyze papers in our data that have both a preprint ver-
sion as well as a published version (in a journal or con-
ference proceedings) dated later than the preprint. This
is the case for 2,982 papers. For each preprint-published
paper pair, we check if there is a difference in cross-
lingual citations. This gives an indication of how the
process of peer review affects cross-lingual citations. We
perform a manual as well as an automated analysis.'”

For the manual evaluation, we take a random sam-
ple of 100 paper pairs. We then retrieve a PDF file of
both the preprint and the published version, and man-
ually compare their reference sections. For the auto-
mated evaluation, we find that 599 of the 2.9k paper
pairs have PDF source URLs given in the MAG. Af-
ter automatically downloading these and parsing them
with GROBID, we are left with 498 valid sets of ref-
erences. For these, we identify explicitly marked cross-
lingual references as described in Section 3 and calcu-
late their differences.

Table 10 shows the results of our evaluations. In
both, cross-lingual citations are more often removed
than added, but in the majority of cases left intact. The
larger volatility in the automated evaluation is likely
due to parsing inconsistencies of GROBID. Our find-
ings complement those of Lillis et al. [29], who, analyz-
ing psychology journals, observe “some evidence that
gatekeepers [...] are explicitly challenging citations in
other languages.” For the fields of physics, mathemat-
ics, and computer science, we find no clear indication of
a consistent in- or decreasing effect of the peer review
process on cross-lingual citations.

16 We do not evaluate citation sentiment here due to the lack-
ing performance of the sentiment classifiers.

17 Full evaluation details can be found at https://github.
com/IllDepence/cross-lingual-citations-from-en.
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Table 11 Comparison of citations received

Filter criterion Cross-lingual set Random set

- #Docs 16,300 16,464
Mean #cit 13.7 18.2
SD 75.0 51.7
1 < #cit #Docs 12,074 12,852
and Mean #cit 12.0 15.1
#cit <100 SD 15.8 18.4

4.3.2 Impact on Paper Success

To get an indication of whether or not an English pa-
per’s success is influenced by the fact that it contains
citations to non-English documents, we compare our
cross-lingual set with the random set (cf. Table 4). For
both sets we first determine the number of papers that
in the MAG metadata have a published version (journal
or conference proceedings) in addition to the preprint
on arxiv.org. That is, we assume that papers which only
have a preprint version did not make it through the peer
review process. Using this measure, we observe 9,390 of
16,224 (57.88%) successful papers in the cross-lingual
set, and 10,966 of 16,378 (66.96%) successful papers in
the random set. Unsurprisingly, due to the higher ratio
of published versions, the papers in the random set are
also cited more. Table 11 shows a comparison of the
average number of citations that documents in both
sets received. Due to the high standard deviation in
the complete sets, we also look at papers which received
between 1 and 100 citations, which are comparably fre-
quent in both sets. As we can see, in the unfiltered as
well as the filtered case, documents with cross-lingual
citations tend to be cited a little less. Because here we
can only control for the distribution of papers across
years and disciplines, and not for individual authors
(as we did in the Section 4.2.1), there might be various
confounding factors involved.

4.8.8 Impact on Citation Data Mining

To assess if cross-lingual citations pose a particular chal-
lenge for scholarly data mining—and are therefore likely
to be underrepresented in scholarly data—, we compare
the ratio of references that could be resolved to MAG
metadata records for the cross-lingual set and the whole
unarXive data set. Of the 39M references in unarXive
42.6% are resolved to a MAG ID. For the complete ref-
erence sections of the papers in the cross-lingual set
(i.e., references to both non-English and English docu-
ments) the number is 45.7% (290,421 of 635,154 ref-
erences). Looking only at the cross-lingual citations,
the success rate of reference resolution drops to 11.2%

(3,734 of 33,290 references). We interpret this as a clear
indication that resolving cross-lingual references is a
challenge. Possible reasons for this are, for example:

1. A lack of language coverage in the target data set.
For example, if the target data set only contains
records of English papers, references to non-English
publications cannot be found within and resolved to
that target data set.

2. Missing metadata in the target data set.

For example, when there is a primary non-English as
well as an alternative English title of a publication,
only the former is in the target data set’s metadata,
but the latter is used in the cross-lingual reference.

3. The use of a title translated “on the fly.”

If a non-English publication has no alternative En-
glish title, a self translated title in a reference cannot
be found in any metadata. To give an example, ref-
erence 14 in arXiv:1309.1264 titled “Hierarchy of
reversible logic elements with memory” is only found
in metadatal® as LR & W FRHEE T DRESI D
B e 12 D W T

4. The use of a title transliterated “on the fly.”
Similar to an unofficial translated title, if a title is
transliterated and this transliteration is not existent
in metadata, the provided title is not resolvable. A
concrete example of this is the third reference in
arXiv:cs/9912004 titled “Daimeishi-ga Sasumono
Sono Sashi-kata” which is only found in metadata'®

as REFIHIETE D, TDIRL L.

Cases 4 and especially 3 additionally impose a chal-
lenge on human readers, as the referred documents can
only be found by trying to translate or transliterate
back to the original. References to non-English doc-
uments which do not have an alternative English ti-
tle should therefore ideally include enough information
to (a) identify the referenced document (i.e., at least
the original title), and (b) a way for readers not fa-
miliar with the cited document’s language to get an
idea of what is being cited (e.g., by adding a freely
translated English title).?® There are, however, situa-
tions where an original title cannot be used. Documents
in PubMed Central, for example, cannot contain non-
Latin scripts,?! meaning that references to documents
in Russian, Chinese, Japanese, etc. which do not have

18 See http://hdl.handle.net/2433/172983.

19 See https://ci.nii.ac.jp/naid/10008827159/.

20 And example for this can be found in reference 15 in
arXiv:1503.05573: “Illadapesua M. P. Ocnosbr anrebpante-
ckoit reomerpun// MITHMO, Mocksa, 2007. (English transla-
tion: Shafarevich I.R. Foundations of Algebraic Geometry//
MCCME, Moscow. 2007).

21 See https://wuw.ncbi.nlm.nih.gov/pmc/about/faq/
#q16.
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alternative English titles are inevitably a challenge for
both human readers as well as data mining approaches,
unless there is a DOI, URL, or similar identifier that
can be referred to.

In light of this, taking a closer look at the 88.8%
of unmatched references in the cross-lingual set bro-
ken down by languages, we note the following matching
failure rates for the five most prevalent languages: Rus-
sian: 88.6%, Chinese: 87.0%, Japanese: 91.0%, German:
85.4%, and French: 83.2%. While all of these are high,
the numbers for the three non-Latin script languages
are noticeably higher than those of German and French.
As can be seen with the task of resolving references—
and as also indicated through our self-citation data
shown in Table 7—cross-lingual citations do pose a par-
ticular challenge for scholarly data mining.

5 Discussion and Conclusion

Utilizing two large data sets, unarXive and the MAG,
we performed a large-scale analysis of citations from
English papers to non-English language publications
(i.e., cross-lingual citations). The data analyzed spans
over one million citing publications, 3 disciplines, and
27 years. We gained insights into cross-lingual citations’
prevalence, usage and impact.

Recapitulating our key results, we find that citations
to non-Latin script languages can reliably be identified
by a “(in <Language>)” marker, which enables auto-
mated identification in large corpora. Between the dis-
ciplines of physics, mathematics, and computer science,
cross-lingual citations appear twice as often in mathe-
matics papers compared to the remaining two fields.
Over the course of time we see a downwards trend in
citations to Russian and an upwards trend for citations
to Chinese. In general, cross-lingual citations are more
often of linguistically local origin than originating from
English speaking countries. Citations to Chinese, how-
ever, are about twice as likely to come from the An-
glosphere than citations to other languages. Concern-
ing authors citing behavior, we observe no remarkable
differences between cross- and monolingual citations in
terms of self-citations, intent, and sentiment. We also
see no clear indication for gatekeeping of cross-lingual
citations through the process of peer review. As for the
impact of cross-lingual citations on a paper’s success,
we only get inconclusive results. Finally, we see clear
indicators that cross-lingual citations pose challenges
for scholarly data mining, such as a lower likelihood to
resolve a cited document due to more complex meta-
data (e.g., publications having two titles, a primary
non-English and an alternative English title) and short-

comings in data integration (e.g., with local citation
indices).

Through our preliminary analyses (see Section 3.1)
we identify challenges in reliably assessing cross-lingual
citations to Latin script languages, preventing auto-
mated identification in large corpora. These insights
can facilitate future efforts in overcoming the identi-
fied challenges. Our detailed findings regarding preva-
lence can help identify scenarios, in which a dedicated
effort to take into account cross-lingual citations is war-
ranted. For example, a citation driven analysis of re-
search trends in mathematics might benefit from being
able to track “citation trails” into the realm of Russian
publications. Lastly, due to the large scale of our in-
vestigation, the use of our collected data for machine
learning based applications such as cross-lingual cita-
tion recommendation is possible.

As our analysis is based on explicit language mark-
ers of cited documents, which has shown to be reli-
able for non-Latin script languages but only capture
a small fraction of citations to Latin script languages,
we want to investigate further methods for identify-
ing cross-lingual citations, to be able perform more ex-
haustive analyses. Furthermore, our corpus covers pub-
lications from the fields of physics, mathematics, and
computer science. While arxiv.org has extensive cov-
erage of physics and mathematics, the share of com-
puter science publications is currently still in a phase
of rapid growth. We therefore want to expand our in-
vestigation regarding computer science publications to
get more representative results, but also include addi-
tional disciplines not covered so far. Lastly, we would
like to conduct complementary analyses of cross-lingual
citations from non-English to English. These might be
more challenging to perform on a large scale, because
non-English scholarly data is not as readily available.
However, such analyses are also likely to yield insights
with a larger impact, as citing English language publi-
cations is rather common in other languages.
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Table 12 Model configuration used for training

Hyperparameter value
attention_ probs_ dropout_ prob 0.1
gradient__checkpointing false
hidden_ act gelu
hidden_ dropout__prob 0.1
hidden size 768
initializer_range 0.02
intermediate size 3072
layer_ norm_ eps le-12
max_ position_ embeddings 512
model__type bert
num__ attention_ heads 12
num__hidden_ layers 12
pad_ token_ id 0
position__embedding_ type absolute
transformers_ version 4.4.2
type_vocab_ size 2
use__cache true
vocab__size 31090

Appendix A Geographic origin of all cited
non-English languages

In Figure 10 we show the geographic origin of cross-
lingual citations in relative terms per cited language
(i.e., the numbers of each row add up to 1). The dis-
tinct diagonal of the matrix and the horizontal line for
affiliations in English speaking countries reflect the fact
that most cross-lingual citations are either to a local
language or originate from an English speaking coun-
try. Among cited languages with a low number of total
occurrences we can furthermore see a few cases show-
ing unusual distributions, such as a single citation to
Macedonian from an author affiliated with a Polish in-
stitution, or citations to Icelandic, where a single one
originates from Iceland, while the remaining nine origi-
nate from institutions in countries where Japanese (3),
Italian (1), and Swedish (5) are the most common lan-
guage.

Appendix B Citation Intent and Sentiment
Classification

For the model training of both citation intent classifica-
tion and citation sentiment classification, we fine-tune
SciBERT uncased?? using the following model configu-
ration shown in Table 12.

For determining the citation intent, we use the train,
validation, and test split provided by the SciCite data
set?3 (train: 74%, val: 8.3%, test: 16.9%). For citation

22 See https://huggingface.co/allenai/scibert_
scivocab_uncased.
23 See https://huggingface.co/datasets/scicite.

sentiment, we split the Athar data set into train, vali-
dation, and test sets into 80%, 10%, and 10%, respec-
tively.

References

[1] Amjad Abu-Jbara, Jefferson Ezra, and Dragomir
Radev. “Purpose and Polarity of Citation: To-
wards NLP-based Bibliometrics”. In: Proceedings
of the 2013 Conference of the North American
Chapter of the Association for Computational Lin-
guistics: Human Language Technologies. Atlanta,
Georgia: Association for Computational Linguis-
tics, 2013, pp. 596—-606.

[2] Waleed Ammar et al. “Construction of the Lit-
erature Graph in Semantic Scholar”. In: Proceed-
ings of the 2018 Conference of the North Ameri-
can Chapter of the Association for Computational
Linguistics: Human Language Technologies, Vol-
ume 3 (Industry Papers). Association for Compu-
tational Linguistics, June 2018, pp. 84-91. DOI:
10.18653/v1/N18-3011. URL: https://www.
aclweb.org/anthology/N18-3011.

[3] Awais Athar. “Sentiment Analysis of Citations
using Sentence Structure-Based Features”. In: Pro-
ceedings of the ACL 2011 Student Session. Port-
land, OR, USA: Association for Computational
Linguistics, June 2011, pp. 81-87. URL: https:
//wuw.aclweb.org/anthology/P11-3015.

[4] Iz Beltagy, Kyle Lo, and Arman Cohan. “SciB-
ERT: A Pretrained Language Model for Scien-
tific Text”. In: Proceedings of the 2019 Conference
on Empirical Methods in Natural Language Pro-
cessing and the 9th International Joint Confer-
ence on Natural Language Processing (EMNLP-
IJCNLP). Hong Kong, China: Association for Com-
putational Linguistics, Nov. 2019, pp. 3615-3620.
DOI: 10.18653/v1/D19-1371. URL: https://
www.aclweb.org/anthology/D19-1371.

[6] Chaomei Chen. “CiteSpace II: Detecting and vi-
sualizing emerging trends and transient patterns
in scientific literature”. In: Journal of the Ameri-
can Society for Information Science and Technol-
ogy 57.3 (2006), pp. 359-377. DOL: 10.1002/asi.
20317.

[6] Arman Cohan and Nazli Goharian. “Scientific Ar-
ticle Summarization Using Citation-Context and
Article’s Discourse Structure”. In: Proceedings of
the 2015 Conference on Empirical Methods in
Natural Language Processing. Lisbon, Portugal:
Association for Computational Linguistics, Sept.
2015, pp. 390-400. DOL: 10.18653/v1/D15-1045.


https://huggingface.co/allenai/scibert_scivocab_uncased
https://huggingface.co/allenai/scibert_scivocab_uncased
https://huggingface.co/datasets/scicite
https://doi.org/10.18653/v1/N18-3011
https://www.aclweb.org/anthology/N18-3011
https://www.aclweb.org/anthology/N18-3011
https://www.aclweb.org/anthology/P11-3015
https://www.aclweb.org/anthology/P11-3015
https://doi.org/10.18653/v1/D19-1371
https://www.aclweb.org/anthology/D19-1371
https://www.aclweb.org/anthology/D19-1371
https://doi.org/10.1002/asi.20317
https://doi.org/10.1002/asi.20317
https://doi.org/10.18653/v1/D15-1045

16

Tarek Saier et al.

cited document language

ruzh jade fr uk plhu it enptesro csbg el sk nldako sr trhehr fi vi fa sl sv is hykamkhibelv et id

1.0

-0.8

portion of references per cited lanugage

author affiliations aggregated by language

Figure 10 Geographic origin of cross-lingual citations (relative count).

URL: https://www.aclweb.org/anthology/
D15-1045.

Arman Cohan et al. “SPECTER: Document-level
Representation Learning using Citation-informed
Transformers”. In: Proceedings of the 58th An-
nual Meeting of the Association for Computa-
tional Linguistics. Online: Association for Com-
putational Linguistics, July 2020, pp. 2270-2282.
Arman Cohan et al. “Structural Scaffolds for Ci-
tation Intent Classification in Scientific Publica-
tions”. In: Proceedings of the 2019 Conference of
the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, Volume 1 (Long and Short Papers).
June 2019.

[9]

[10]

Giovanni Colavizza and Matteo Romanello. “Ci-
tation Mining of Humanities Journals: The Progress
to Date and the Challenges Ahead”. In: Journal
of European Periodical Studies 4.1 (2019), pp. 36—
53.

Irene Eleta and Jennifer Golbeck. “Bridging lan-
guages in social networks: How multilingual users
of Twitter connect language communities?” In:
Proceedings of the American Society for Informa-
tion Science and Technology 49.1 (2012), pp. 1-4.
DOI: 10.1002/meet . 14504901327.

Aaron Elkiss et al. “Blind men and elephants:
What do citation summaries tell us about a re-
search article?” In: Journal of the American Soci-
ety for Information Science and Technology 59.1
(2008), pp. 51-62.


https://www.aclweb.org/anthology/D15-1045
https://www.aclweb.org/anthology/D15-1045
https://doi.org/10.1002/meet.14504901327

Cross-Lingual Citations in English Papers

17

[12]

[13]

[15]

[16]

[20]

Michael Farber and Adam Jatowt. “Citation rec-
ommendation: approaches and datasets”. In: In-
ternational Journal on Digital Libraries 21.4 (Dec.
2020), pp. 375-405. 1ssN: 1432-1300. po1: 10 .
1007/s00799-020-00288-2.

Bela Gipp, Norman Meuschke, and Mario Lip-
inski. “CITREC : An Evaluation Framework for

Citation-Based Similarity Measures based on TREC

Genomics and PubMed Central”. In: iConference
2015 Proceedings. iSchools, 2015.

Scott A. Hale. “Global Connectivity and Multi-
linguals in the Twitter Network”. In: Proceedings
of the SIGCHI Conference on Human Factors in
Computing Systems. CHI* 14. Toronto, Ontario,
Canada: Association for Computing Machinery,
2014, pp. 833-842. 1SBN: 9781450324731. DOT: 10.
1145/2556288.2557203.

Scott A. Hale. “Net Increase? Cross-Lingual Link-
ing in the Blogosphere”. In: Journal of Computer-
Mediated Communication 17.2 (2012), pp. 135-
151. poI: 10.1111/3j.1083-6101.2011.01568. x.
MYRIAM HERNANDEZ-ALVAREZ and JOSE
M. GOMEZ. “Survey about citation context anal-
ysis: Tasks, techniques, and resources”. In: Nat-
ural Language Engineering 22.3 (2016), pp. 327—
349. po1: 10.1017/51351324915000388.

Jorge E Hirsch. “An index to quantify an indi-
vidual’s scientific research output”. In: Proceed-
ings of the National academy of Sciences 102.46
(2005), pp. 16569-16572.

Sun Huh. “Journal Article Tag Suite 1.0: National
Information Standards Organization standard of
journal extensible markup language”. In: Science
Editing 1.2 (2014), pp. 99-104. po1: 10 . 6087/
kcse.2014.1.99.

Tommi Sakari Jauhiainen et al. “Automatic lan-
guage identification in texts: A survey”. In: Jour-
nal of Artificial Intelligence Research 65 (2019),
pp. 675-782.

Zhuoren Jiang, Yao Lu, and Xiaozhong Liu. “Cross-
Language Citation Recommendation via Publi-
cation Content and Citation Representation Fu-
sion”. In: Proceedings of the 18th ACM/IEEE
on Joint Conference on Digital Libraries. JCDL
" 18. Fort Worth, Texas, USA: Association for
Computing Machinery, 2018, pp. 347-348. 1SBN:
9781450351782. DOI: 10.1145/3197026.3203898.
Zhuoren Jiang et al. “Cross-Language Citation
Recommendation via Hierarchical Representation
Learning on Heterogeneous Graph”. In: The 41st
International ACM SIGIR Conference on Research
€9 Development in Information Retrieval. SIGIR’
18. New York, NY, USA: Association for Comput-

[23]

[24]

[27]

[28]

[29]

[30]

[31]

ing Machinery, 2018, pp. 635-644. 1SBN: 9781450356572.

DOI: 10.1145/3209978.3210032.

Hongshan Jin, Masashi Toyoda, and Naoki Yoshi-
naga. “Can Cross-Lingual Information Cascades
Be Predicted on Twitter?” In: Social Informatics.
Ed. by Giovanni Luca Ciampaglia, Afra Mash-
hadi, and Taha Yasseri. Cham: Springer Interna-
tional Publishing, 2017, pp. 457-472. 1SBN: 978-
3-319-67217-5.

David Jurgens et al. “Measuring the Evolution
of a Scientific Field through Citation Frames”.
In: Transactions of the Association for Compu-
tational Linguistics 6 (2018), pp. 391-406. DOI:
10.1162/tacl_a_00028. URL: https://www .
aclweb.org/anthology/Q18-1028.

Charlene Kellsey and Jennifer E Knievel. “Global
English in the humanities? A longitudinal cita-
tion study of foreign-language use by humanities
scholars”. In: College € Research Libraries 65.3
(2004), pp. 194-204.

Samiya Khan et al. “A survey on scholarly data:
From big data perspective”. In: Information Pro-
cessing € Management 53.4 (2017), pp. 923-944.
1SSN: 0306-4573. DOI: 10.1016/j.ipm.2017.03.
006.

Suin Kim et al. “Understanding Editing Behav-
iors in Multilingual Wikipedia”. In: PLOS ONE
11.5 (May 2016), pp. 1-22. DOI: 10.1371/journal.
pone.0155305.

Olessia Kirchik, Yves Gingras, and Vincent Lar-
iviere. “Changes in publication languages and ci-
tation practices and their effect on the scientific
impact of Russian science (1993-2010)”. In: Jour-
nal of the American Society for Information Sci-
ence and Technology 63.7 (2012), pp. 1411-1419.
DOI: 10.1002/asi.22642.

Anne Lauscher et al. MultiCite: Modeling realis-
tic citations requires moving beyond the single-
sentence single-label setting. 2021. arXiv: 2107 .
00414 [cs.CL].

Theresa Lillis et al. “The geolinguistics of English
as an academic lingua franca: citation practices

across English-medium national and English-medium

international journals”. In: International Journal
of Applied Linguistics 20.1 (2010), pp. 111-135.
DOI: 10.1111/3.1473-4192.2009.00233. x.
Xiaomei Liu and Xiaotian Chen. “CJK Languages
or English: Languages Used by Academic Jour-
nals in China, Japan, and Korea”. In: Journal of
Scholarly Publishing 50.3 (2019), pp. 201-214.
Kyle Lo et al. “S20RC: The Semantic Scholar
Open Research Corpus”. In: Proceedings of the
58th Annual Meeting of the Association for Com-


https://doi.org/10.1007/s00799-020-00288-2
https://doi.org/10.1007/s00799-020-00288-2
https://doi.org/10.1145/2556288.2557203
https://doi.org/10.1145/2556288.2557203
https://doi.org/10.1111/j.1083-6101.2011.01568.x
https://doi.org/10.1017/S1351324915000388
https://doi.org/10.6087/kcse.2014.1.99
https://doi.org/10.6087/kcse.2014.1.99
https://doi.org/10.1145/3197026.3203898
https://doi.org/10.1145/3209978.3210032
https://doi.org/10.1162/tacl_a_00028
https://www.aclweb.org/anthology/Q18-1028
https://www.aclweb.org/anthology/Q18-1028
https://doi.org/10.1016/j.ipm.2017.03.006
https://doi.org/10.1016/j.ipm.2017.03.006
https://doi.org/10.1371/journal.pone.0155305
https://doi.org/10.1371/journal.pone.0155305
https://doi.org/10.1002/asi.22642
http://arxiv.org/abs/2107.00414
http://arxiv.org/abs/2107.00414
https://doi.org/10.1111/j.1473-4192.2009.00233.x

18

Tarek Saier et al.

[32]

[33]

[34]

[35]

[36]

[39]

[40]

putational Linguistics. Association for Computa-
tional Linguistics, July 2020, pp. 4969-4983.
Patrice Lopez. “GROBID: Combining Automatic
Bibliographic Data Recognition and Term Extrac-
tion for Scholarship Publications”. In: Research
and Advanced Technology for Digital Libraries.
2009, pp. 473-474.

Shutian Ma, Chengzhi Zhang, and Xiaozhong Liu.
“A review of citation recommendation: from tex-
tual content to enriched context”. In: Scientomet-
rics 122.3 (Mar. 2020), pp. 1445-1472. 1SSN: 1588-
2861.

Karine Megerdoomian and Dan Parvaz. “Low-

Density Language Bootstrapping: the Case of Tajiki

Persian”. In: Proceedings of the Sizth Interna-
tional Conference on Language Resources and Eval-
uation (LREC’08). May 2008. URL: http://www.
lrec-conf . org/proceedings/1lrec2008/pdf/
827 _paper.pdf.

Dominique Mercier et al. “ImpactCite: An XLNet-
based Solution Enabling Qualitative Citation Im-
pact Analysis Utilizing Sentiment and Intent”.
In: Proceedings of the 13th International Confer-
ence on Agents and Artificial Intelligence - Vol-
ume 2: ICAART, INSTICC. SciTePress, 2021,
pp. 159-168. 1SBN: 978-989-758-484-8. DOI: 10 .
5220/0010235201590168.

Henk F. Moed, Valentina Markusova, and Mark
Akoev. “Trends in Russian research output in-
dexed in Scopus and Web of Science”. In: Scien-
tometrics 116.2 (Aug. 2018), pp. 1153-1180. I1SSN:
1588-2861.

Scott L. Montgomery. Does science need a global
language?: English and the future of research. Uni-

versity of Chicago Press, 2013. 1SBN: 9780226535036.

Olga Moskaleva and Mark Akoev. “Non-English
language publications in Citation Indexes - quan-
tity and quality”. In: Proceedings 17th Interna-
tional Conference on Scientometrics & Informet-
rics. Vol. 1. Ttaly: Edizioni Efesto, Sept. 2019,
pp. 35-46. 1SBN: 978-88-3381-118-5.

Tarek Saier and Michael Farber. “unarXive: a
large scholarly data set with publications’ full-
text, annotated in-text citations, and links to meta-
data”. In: Scientometrics (Mar. 2020). 1SSN: 1588-
2861. DOI: 10.1007/s11192-020-03382-z.
Anna Samoilenko et al. “Linguistic neighbour-
hoods: explaining cultural borders on Wikipedia
through multilingual co-editing activity”. In: EPJ
Data Science 5.1 (Mar. 2016), p. 9. 1sSSN: 2193-
1127.

[43]

[44]

[45]

[46]

[47]

(48]

Bess Schrader. Cross-language Citation Analysis
of Traditional and Open Access Journals. Feb.
2019. por: 10.17615/djpr-1k06.

Fei Shu, Charles-Antoine Julien, and Vincent Lar-
iviere. “Does the web of science accurately rep-
resent chinese scientific performance?” In: Jour-
nal of the Association for Information Science
and Technology 70.10 (2019), pp. 1138-1152. DOT:
doi.org/10.1002/asi.24184.

Arnab Sinha et al. “An Overview of Microsoft
Academic Service (MAS) and Applications”. In:
Proceedings of the 24th International Conference
on World Wide Web. WWW ’15 Companion. ACM,
2015, pp. 243-246. 1SBN: 978-1-4503-3473-0. DOI:
10.1145/2740908.2742839.

Xuewei Tang, Xiaojun Wan, and Xun Zhang. “Cross-
Language Context-Aware Citation Recommenda-
tion in Scientific Articles”. In: Proceedings of the
87th International ACM SIGIR Conference on
Research € Development in Information Retrieval.
SIGIR ’ 14. New York, NY, USA: Association for
Computing Machinery, 2014, pp. 817-826. ISBN:
9781450322577. DOI: 10.1145/2600428.2609564.
Dominika Tkaczyk et al. “Machine Learning vs.
Rules and Out-of-the-Box vs. Retrained: An Eval-
uation of Open-Source Bibliographic Reference
and Citation Parsers”. In: Proceedings of the 18th
ACM/IEEE on Joint Conference on Digital Li-
braries. JCDL ’18. New York, NY, USA: ACM,
2018, pp. 99-108. DOL: 10.1145/3197026 . 3197048.
Miguel-Angel Vera-Baceta, Michael Thelwall, and
Kayvan Kousha. “Web of Science and Scopus lan-
guage coverage”. In: Scientometrics 121.3 (Dec.
2019), pp. 1803-1813. 1SsN: 1588-2861.

Kuansan Wang et al. “A Review of Microsoft Aca-
demic Services for Science of Science Studies”. In:
Frontiers in Big Data 2 (2019), p. 45. 1SSN: 2624-
909X. DOI: 10.3389/fdata.2019.00045.

Ethan Zuckerman. “Meet the bridgebloggers”. In:
Public Choice 134.1 (Jan. 2008), pp. 47-65. ISSN:
1573-7101.


http://www.lrec-conf.org/proceedings/lrec2008/pdf/827_paper.pdf
http://www.lrec-conf.org/proceedings/lrec2008/pdf/827_paper.pdf
http://www.lrec-conf.org/proceedings/lrec2008/pdf/827_paper.pdf
https://doi.org/10.5220/0010235201590168
https://doi.org/10.5220/0010235201590168
https://doi.org/10.1007/s11192-020-03382-z
https://doi.org/10.17615/djpr-1k06
https://doi.org/doi.org/10.1002/asi.24184
https://doi.org/10.1145/2740908.2742839
https://doi.org/10.1145/2600428.2609564
https://doi.org/10.1145/3197026.3197048
https://doi.org/10.3389/fdata.2019.00045

	Introduction
	Related Work
	Data Collection
	Results
	Discussion and Conclusion
	Geographic origin of all cited non-English languages
	Citation Intent and Sentiment Classification

