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BIBTEX-based dataset generation
for training citation parsers
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A citation graph is an important part of modern sci-
entometrics (the field of analyzing and measuring of
scientific literature) [2–19,21,23–31]. To construct it,
we need to disambiguate citations: determine which
paper cites which paper. While many publishers now
deposit citation data in a machine readable format,
some do not — and there are millions of older pa-
pers where only textual citation strings are available.
Since manual conversion of these strings to parsed
entries is not possible, we need to teach machines
how to do this.

An important part of supervised learning is a
good dataset of ground truth — in our case, a large
amount of already parsed citations both as text
strings and key-value pairs. The traditional way
to generate these datasets is to take a large num-
ber of citations and manually parse each of them.
This process is tedious and expensive, since in many
cases it requires trained annotators. Therefore the
existing datasets are relatively small: the CORA

Field Extraction dataset [22] has 500 citations, and
the UMass Citation Field Extraction dataset [1] has
1829 citations.

Our new approach to creating the dataset over-
comes this difficulty. We start with already parsed
data: BibTEX files of papers. Using different bib-
liography styles (bst files), we generate formatted
citations, for which we know the content in the key-
value format as we used this content to create the
formatted text.

Initially we intended to use Nelson Beebe’s ex-
tensive BibTEX archives.1 However, we discovered
that the bibliographies there are not suitable for
our task: they have a large, but still limited num-
ber of journals, they do not have “unusual” fields
like eprint, and they do not have the errors and
inconsistencies often encountered in the wild. There-
fore software trained on Beebe’s files were not very
successful in parsing “wild” citations.

So, we used another approach. We scraped the
Internet for .bib files, finding 9393 BibTEX files
(mostly personal bibliographies) with 1 216 607 en-
tries. We manually cleaned them, deleting duplicate
fields, missing delimiters, unenclosed braces, etc. We
used 297 bst files from TEX Live. The resulting
dataset is described in Table 1. The size of this

1 http://math.utah.edu/~beebe/bibliographies.html

Table 1: Generated dataset

Parameter Value

Total number of annotated
citations

353 892 568

Vocabulary size 179 682
Total number of styles 237
Total number of field types 55
Total number of BibTEX

source files
9393

Table 2: Field extraction performance on a subset
of data (ELMO tagger)

Best fields

Label F1

Ref-marker 99.99
CODEN 99.74
Year 99.73
ISSN 99.72
Pages 99.63
Volume 99.33
Number 99.32
DOI 99.32
Language 99.31
Month 99.25

Worst fields

Label F1

Type 86.64
E-Print 85.71
Issue 80.00
Price 80.00
How-Published 75.15
Organization 69.95
Key 60.59
EID 54.84
Comment 40.00
Annote 30.77

dataset is several orders of magnitude larger than
the largest previously available [1].

We trained a number of modern algorithms for
citation parsing based on our dataset. The results
for the ELMO tagger [20] are shown in Tables 2
and 3 with the common accuracy measure F1 (the
harmonic mean of recall and precision) shown.

It is interesting to see how use of the BibTEX
dataset improves the performance of the tagger, as
trained and tested on the UMass dataset [1]. The
results are shown in Table 4. We see a significant

Table 3: Performance for different BibTEX styles

Style Recall Precision F1

The styles with the highest scores
swealpha 98.21 99.00 98.60
unsrtnat 98.51 99.02 98.76
ACM-Reference 97.24 97.66 97.45

The styles with the lowest scores
ksfh_nat 94.74 95.66 95.19
rsc 95.34 96.45 95.89
gp 95.60 96.37 95.98
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Table 4: Improvement in UMass dataset parsing

Training Recall Precision F1

UMass 93.58 94.02 93.80
BibTEX 94.25 93.18 93.78
UMass + BibTEX 97.59 97.23 97.41

improvement in the parsing of the existing dataset
when additional data are added for training.

In conclusion, programmable typesetting and
formatting systems like TEX and BibTEX can create
“natural” text from structured data. This pseudo-
natural text can be used to train machines.
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