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1

Introduction

Mathematical works always build on previous results, and are thus part of what can
naturally be considered a network of literature. This was the case even in the past, long
before the advent of electronic communications. But the digital infrastructures that have
been built over the last decades now potentially make this network of knowledge widely
and easily available.
Therefore, our goal in this Work Package is to put a given work into a rich context
of related documents:
∙ works that are cited in the reference section of the given work;
∙ works that cite the given work;
∙ possible other parts of the given work;
∙ corrigenda to the given work;
∙ existing reviews of this work;
∙ works which deal with the same topic but which do not cite or are not cited by the
given work.
Relevant works might be external to the current collection, and so we need to
develop methods which are able to link to documents both within and outside of the
collection. In many cases, relevant documents can be identified by the associated metadata
of the current work. However, this metadata may be incomplete, incorrect or absent.
In particular, in this work package we wish to develop techniques for discovering documents relevant to the current work which have not previously been identified as being
so. Therefore, the main objective of the work package is to provide tools to identify
referential and semantic links:
∙ between items in the content repositories;
∙ between items and external resources.
This report of the State of the Art will focus on two key technologies: Citation
Indexing and Document Clustering. Citation Indexing concerns the automatic parsing and
linking of citations to create a network of documents within the collection. This technology
is well established in digital libraries and searchable archives such as CiteSeerX [12],
Google Scholar [39, 7], general projects as DRIVER, and mathematical specific digital
libraries such as NUMDAM, DML-CZ or referative databases Zentralblatt MATH
(Zbl) and Mathematical Reviews (MR). Document Classification and Clustering are
also established technologies within Information Retrieval (IR) but have not to date
been widely used within digital libraries. In particular, there is very little previous work
applying classification and clustering techniques to mathematical documents. However,
initial research appears promising and we believe that the addition of these technologies
will allow facilities beyond the current state of the art.
The rest of this report is structured as follows: Section 2 reviews previous work
on citation indexing, first introducing the general problem and then focussing on recent
work by ICM, MU and UJF/CMD on this problem. Section 3 will cover document
classification and clustering techniques and report on some recent work by MU on
applying both supervised and unsupervised techniques to the classification and clustering
of mathematical documents within DML-CZ. Section 4 will outline steps towards building
2
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a prototype suite of tools for association analysis and Section 5 will provide a summary
of the state of the art and some conclusions.

2

Citation Indexing

Like all academic papers, mathematical documents extensively reference other works.
There are three general instances: either the work cites earlier work on which it builds
upon as an extension, elaboration or correction, the work cites earlier work since it applies
a theorem or technique introduced by the earlier work or the work cites earlier work to
locate the current work within a general subject area. We can use all three types of citation
to discover associations between works by citation indexing and cross-referencing.
The use of citation indexing and the use of interlinking via citations to retrieve
similar documents are not new ideas: Kessler in 1963 [29] introduced the general approach
and Small in 1973 [49] used bibliographic coupling to measure document similarity. The
use of citation indexing has also been used in document retrieval [3, 9] and has been used
extensively to measure research impact [21].
However, the automatic extraction of citations from documents and their crossreferencing to documents within a digital library is a more recent innovation—first
developed as part of the CiteSeer public search engine and digital library for scientific and
academic papers [32]. Council et al. [13] further develop citation indexing in CiteSeerX
to use Bayesian networks to combine citation information from several documents to
construct a “canonical reference” for each given work in the CiteSeerX collection. More
recently, Google Scholar has developed a ranking algorithm for document relevance which
relies heavily on co-citation indexing [7].
Good bibliographic databases exist in the field of mathematics, and can potentially
be used to identify a given mathematical work, enabling cross-referencing of items.
However, to fully use such databases, we need to develop software which is able to cope
with two problems. First, any given work may be cited in a number of different ways.
Secondly, any citation may contain errors (which may be either human errors or may have
been introduced by the digitization process, e.g. optical character recognition errors).
In the context of this work, the matching problem can be defined as follows:
Given a database of bibliographic items, and a bibliographic reference string,
find database entries that describe the same work as the reference string.
At first sight, the above matching problem does not appear difficult since it seems simply
to be a matter of aligning the various fields of the citation against the same fields found in
either document metadata or another citation. However, reference strings usually have
the following characteristics:
∙ they are not tagged (separated into fields);
∙ they are noisy, containing typing errors, optical recognition errors.;
∙ they are inaccurate, containing wrong volume numbers, wrong journal titles, wrong
page numbers, wrong publication year;
∙ they are incomplete, lacking author’s names, titles, or other bibliographic data;
∙ titles may be translated from a different original language;
∙ a reference string might be correct but expressed in a different format than expected;
D8.1: Association Analyzer Implementation: State of the Art, revision 1 as of 27th November 2010
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∙ titles of journals, conference proceedings etc. may be abbreviated in unpredictable
ways.
It is thus clear that when deciding whether a given database item matches a given
citation string, we must use a combination of string metrics and heuristics. We can
distinguish several steps needed for citation matching:
∙ citation extraction;
∙ citation parsing;
∙ reference matching.
Citation extraction is the problem of actually extracting citation information from
a document. For digitally born documents with searchable free text, this is usually easy
to achieve. However, it is non-trivial for digitised documents. In WP8 we assume that
citation extraction is an issue for content providers and do not go into further detail in
this report. Citation parsing involves identifying the various parts of the citation e.g. the
author, title, date, place of publication. Finally, reference matching involves matching the
citation either to documents in the collection or other citations in other documents. The
following subsections go into greater detail on these last two steps.
2.1

Citation Parsing

Bibliographic references are often supplied as part of the metadata of a document. However, more often than not, metadata sources provide bibliographic references in the form
of raw, untagged text. In order to build a citation network, one has to parse the raw texts
of references into fragments such as: author, title, journal, volume, year, etc. For example,
the following input text:
. Vinovsk, Czech. J. Phys. B 36, 625 (1986)
should be parsed as follows (here in the RIS exchange format):
TY
AU
JO
VL
SP
PY

-

JOUR
Vinovsk,.
Czech. J. Phys. B
36
625
1986

Only then can a reference be matched against other documents in a collection.
However, reference parsing is not a trivial task, for several reasons:
∙ There are dozens of established reference formats, and a great variety of formats
“invented” by authors.
∙ Reference texts are “noisy” due to: misspellings, OCR errors and imperfect transformations from one format to another (the latter especially affects diacritics and
formulae).
∙ Interpretation of a reference is sensitive to punctuation: a single comma changed to
a colon may alter the meaning of the whole citation.
A number of approaches to reference parsing have been developed. Template
matching using regular expressions is arguably one of the earliest techniques. It is actively
used to this day, for example in the ParaCite project [41]. The BibPro tool [11] uses the
4
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sequence alignment algorithm BLAST [2] to find the best-fitting reference template. Several
machine learning approaches exist, based on: Hidden Markov Models [27], Conditional
Random Fields [52], and other probabilistic models. Last but not least, there are efforts
to combine the above techniques [25].
2.1.1 ICM’s Citation Parser
A citation parser engine based on regular expressions has been implemented at ICM. One
million references from the Elsevier collection were sampled and reference templates were
inferenced. Validation revealed accuracy in the range of 90–95%, depending on reference
set.
A major drawback of the regular-expressions-based solution is its limited maintainability. Each new template or feature has to be added with great care, a haphazard change
may render a number of templates useless. Regular expressions are “rigid”, as opposed
to “flexible” probabilistic models, which generally (if reluctantly) accept unobserved
transitions.
For that reason, the ICM team is currently developing another parsing engine,
based on Conditional Random Fields. The GRMM library [51] has been evaluated and
the initial results are promising. Still, a lot of work is required to understand the inner
workings of the library and fine-tune the CRF model.
2.1.2 Affiliation Parsing
As in the case of references, metadata sources usually provide affiliations in the form
of raw text. Both user interface and content analysis can benefit from more detailed
information, namely separation into fragments such as: division, institution, street name,
city, state, country, postal code, etc.
For example, when the following affiliation:
Interdisciplinary Centre for Mathematical
and Computational Modelling,
University of Warsaw, ul. Pawinskiego 5A,
02-106 Warsaw, Poland
is presented, the “University of Warsaw” text might be a link to a page on the University, while the “Interdisciplinare Centre [. . . ]” text might be a link to a page on ICM.
Furthermore, content analysis could infer that the following affiliation:
Interdyscyplinarne Centrum Modelowania
Matematycznego i Komputerowego
Uniwersytet Warszawski, ul. Pawinskiego 5A,
02-106 Warszawa, Polska
is equivalent to the former. However, in order to be able to perform such an inference, the
two affiliations should be parsed and compared field-by-field.
Yu et al. [58] have created an affiliation parser in order to map the collaboration
network of human genome epidemiology researchers. The ICM team will leverage their
valuable knowledge when designing its own affiliation parser.
D8.1: Association Analyzer Implementation: State of the Art, revision 1 as of 27th November 2010
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2.2

Reference Matching

Once a reference is parsed and documents in a collection indexed, the reference can be
matched against the documents. This is a relatively straightforward step, hence only a
small amount of published research focuses solely on the issue of reference matching [1].
Nevertheless, due to incomplete and noisy data at hand, the task is not entirely trivial.
Several “tricks of the trade” improve the quality of matching. For example, fields such
as title or journal name require “fuzzy” matching and therefore need to be indexed
using custom indexing algorithms1 . Furthermore, fields such as year are more reliable
than volume and issue, which may sometimes be confused—either by human editors or
reference parsers.
2.2.1 CrossRef
As for the best matching results it is essential to have global database of bibliographic
items, a demand by publishers for global storage of bibliographic items has been fullfilled
by commercial service named CrossRef [14].
CrossRef is an independent membership association, not-for-profit network founded and directed by publishers. CrossRef’s mandate is to make reference linking throughout online scholarly literature efficient and reliable. CrossRef is also the official DOI
link registration agency for scholarly and professional publications. DOI is a unique
alphanumeric string assigned to a digital object—in this case, an electronic journal article
or a book chapter. In the CrossRef system, each DOI is associated with a set of basic
metadata and a URL pointer to the full text, so that it uniquely identifies the content item
and provides a persistent link to its location on the internet.
CrossRef’s citation-linking network today covers almost 45 millions of articles
and other content items from thousands of scholarly and professional publishers.
CrossRef offers to its affiliates set of services, e.g. cited-by linking, crosscheck,
and enhanced CrossRef Metadata Services (CMS), for a fee.2
2.2.2 ICM’s Reference Matcher
ICM has implemented a Lucene-based reference matcher for the YADDA platform. The
engine managed to match approximatively 6% of references within the Elsevier collection
(i.e., Elsevier-to-Elsevier references). No further refinements to the algorithm are planned
at this time.
MU uses the citation matcher described in [31] in DML-CZ’s workflow. It checks
the reference strings against MR and Zbl, after some string normalization. It is fine-tuned
with some heuristics for OCRed data—if e.g. a single Cyrillic character appears within
a word in Latin then several variants of the reference string are tried to increase the
matching coverage.
1. In the nomenclature of Lucene [35], a popular indexing engine, this phase would read: “certain fields
require custom Analyzers”.
2. “CMS was developed to standardize how published content is crawled, indexed, and linked to on the
Web.” (Ed Pentz, Executive Director of CrossRef).

6
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2.2.3 Identity Discovery
Typically, a document’s metadata contains contributors to the document (authors, editors,
etc.). It is either a single text field per contributor, or a set of text fields such as: forenames,
surname, title. Also, although less often, a document’s metadata lists its contributors’
affiliations as well.
Given a collection of documents, we would like to know which contributor names
refer to the same person. Similarly, we would like to know which affiliations refer to the
same institution.
Several approaches to the problem were proposed, especially on the person identification side. Some researchers employed so-called author co-citation analysis, or ACA [38,
34], others proposed clustering techniques [26, 36], probabilistic approaches [54] and
usage of finite-state graphs [19].
The above research results will be used to implement identity discovery for
EuDML [53]. Ultimately, a semantic network will emerge with three main object types:
document, person and institution. The network will store relations between these objects,
expressing: references (document-to-document), contributions (document-to-person) and
affiliations (person-to-institution).
Such a network will allow for better navigation in the user interface of EuDML.
Citations are so few in mathematics that citation based bibliometrics are easily biased [4].
2.3

Conflating Parsing and Reference Matching

The approaches described above explicitly separate the steps of citation parsing and
reference matching. However, it is possible to combine the two steps so that individual
fields within the citation string are discovered by matching metadata already within the
collection.
For example, UJF/CMD developed a citation extraction and indexing system [22]
for use within the Zentralblatt MATH collection. The UJF/CMD citation extraction and
matching algorithm does not attempt to perform citation parsing or citation field tagging
prior to trying to find matching citations. Instead, citations are viewed simply as strings
of characters with no attempt to parse a structure to the citation string. Goutorbe [22]
argues that making no attempt to parse the citation string avoids several problems:
1. Even if citation parsing is successful, individual fields often remain coded in different
ways and cannot be compared using exact comparison methods.
2. Errors in parsing can result in the complete failure of the matching process.
3. The parsing process is both costly and error prone.
For these reasons, the UJF/CMD approach relies on just a shallow analysis of
the input string and relies on a number of string similarity evaluation methods and ad
hoc heuristics which work reasonably well in practice in the context of mathematical
databases.
For example, numerical data in the citation string appears to be highly effective
in distinguishing documents. This is supported by the following figures generated by
scanning part of the Zentralblatt MATH database and collecting author names, volume
number, publication year and paging information for each entry.
Total number of journal articles: 413721
D8.1: Association Analyzer Implementation: State of the Art, revision 1 as of 27th November 2010
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v = volume number
y = publication year
fp = first page number
lp = last page number
t = first (significant) title word
a = first author name (without initials)
Total number of different v|fp-lp strings: 376038 (90.89)
Total number of different t|fp-lp strings: 380623 (92.26)
Total number of different a|y|fp strings: 402594 (97.31)
Total number of different a|fp-lp strings: 406844 (98.33)
Total number of different a|v|fp strings: 410735 (99.28)
Total number of different a|y|fp-lp strings: 411959 (99.57)
Total number of different a|v|y|fp strings: 412350 (99.67)
Total number of different a|v|fp-lp strings: 412710 (99.76)
Total number of different a|v|y|fp-lp strings: 412889 (99.80)
(Adapted from [22])
What the above figures show is that numerical information in the citation string
plus key words from either the author’s names or title almost always distinguish any
citation to a unique document reference. This suggests that an effective approach to
matching citations is to extract all numerical information plus a small number of words
and use these to identify possible matches.
2.3.1 The Matching Strategy
The algorithm works as follows:
1. Generate possible candidates
A boolean query is constructed consisting of all numerical data found in the citation
string plus the first few words of the string.
2. Rank candidates by evaluating their similarity to the reference to match
For each candidate compute the cosine similarity with the given reference string,
using 𝑛-grams vectors. This allows in particular for small mistakes and variations in
spelling. 𝑛-grams are a set of 𝑛 consecutive characters from the input string. After
some experimentation, it appears that a value of 𝑛 = 3 is a reasonable choice.
3. Output the first 𝑛 candidates
At this point, the algorithm has a set of structured database items, and other metrics/heuristics may be used to further rank this set.
∙ approximate substring matching (similar to agrep) is used to check author names;
∙ the similarity of numbers is computed using the Dice coefficient;
∙ paging information is matched. Page numbers that differ only by one are considered
equal;
∙ titles can potentially be discovered and compared using approximate substring
matching.
In practice, there is often no need to perform all of the above before the set of
potential matches consists of just one document.
8
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2.3.2 Evaluation
Goutorbe [22] reports several evaluation results using different datasets.
1. Journal articles from the NUMDAM project: metadata is of good quality (reference
strings are accurate). Depending on the journal coverage in Zentralblatt MATH
(Zbl), 96% accuracy is achieved.
2. Bibliographic references cited by these same articles: metadata may be noisy because
of optical recognition errors and inaccurate or incomplete because of authors’
mistakes. They include every possible kind of reference (journal articles, books,
theses, reports,. . . ). The average rate of matches is 75% of the total number of
bibliographic items, and may grow up to 85%, depending on the journal.
3. Bibliographic references from the Journal of Differential Geometry (project Euclid).
The matching rate is 89%, including dubious or irrelevant matches (no checking
was performed)
One interesting result is that because citation matching is led by numerical data, it
is possible for citations to be matched even if they are expressed in different languages.
However, the full extent of this has not been fully evaluated. These results demonstrate
that good results for citation matching can be obtained by very shallow analysis of the
citation string. The major impact in performance is due to the quality of the data and,
in particular, with the digitisation process introducing errors into the citation data and
therefore impacting on accuracy.
2.4

Summary

In summary, citation indexing and matching is an established method for developing
associations between documents which is already implemented in other large scale digital
libraries and document focussed search engines such as CiteSeerX and Google Scholar.
Moreoever, evaluation of accuracy in this task is generally high enough for it to be a
useful feature expected by users.
There is a wide variety of competing techniques and approaches used for this task.
However, it is difficult to directly compare approaches described in the literature for the
following reasons:
Different metrics Reported work uses a variety of evaluation metrics such as accuracy,
precision and recall, and metrics which combine precision and recall such as
weighted 𝐹 measures. These metrics cannot often be directly compared.
Different Collections The constitution of the collection has an effect on accuracy. For
example, a collection composed of digitally born documents will result in far
better results than one composed of digitised text. In addition, different journals
have different degrees of strictness in how closely authors must follow their style
guidelines. Greater variety in how a citation can be legally expressed directly affects
citation parsing and matching accuracy.

3

Document Classification and Clustering

In addition to grouping documents in terms of what other documents they cite, it is possible to group documents by their actual content, i.e. the raw text within the document—
D8.1: Association Analyzer Implementation: State of the Art, revision 1 as of 27th November 2010
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words, formulae and expressions. Broadly we can distinguish two types of task: supervised
document classification and unsupervised document clustering. Document clustering may
be called streamed if document is assigned to cluster by just being seen once.
In supervised document classification, we aim to group documents according to
pre-existing categories. These categories can be hierarchically structured as an ontology
which represents the range of topics within the collection.
In unsupervised document clustering, no pre-existing classification scheme is used
and instead documents are clustered based on their “semantic similarity”. Unsupervised
document clustering allows us to discover possible categories implicit in the collection.
Approaches to both tasks usually assume that any document is just a bag of words
and therefore ignore any syntactic or structural information. However individual words
may be pre-processed using either a stemmer or lemmatizer to reveal the stem or base form
of the word. Most approaches also adopt a vector space model [46] where documents
(and search queries) are represented as vectors of terms with, depending on the approach,
terms representing individual words, characters or concepts. Depending on the task,
these terms can be weighted. For instance, a common approach is to weight terms by
their frequency within a particular document divided by their frequency across the entire
collection (tfidf ) (see [28]).
Central to both tasks is the assumption that term overlap is indicative of semantic
similarity. Within a vector space model, the degree of overlap between two documents (or
a document and a search query) can be measured by calculating the cosine of the angle
between the two resulting vectors. When two documents are identical, their cosine will
equal one, when they are orthogonal (i.e. share no common terms), their cosine will equal
zero.
Precision and recall are the most commonly used metrics used in the evaluation of
supervised document classification systems where precision is defined as the number of
correctly classified documents returned divided by the total number of documents returned
and recall is calculated as the number of correctly classified documents returned divided
by the total number of documents in the collection. Both metrics can be combined into a
𝐹 -measure with either precision or recall weighted depending on the particular application.
However, the evaluation of unsupervised document clustering is more difficult since there
is no gold standard collection to be measured against. Often the only appropriate metric is
to see whether or not the clusters generated actually aid users in their search for relevant
documents in practice.
In this section, we will first provide an overview of classification schemes already
in use within mathematical document collections and then review work on supervised
mathematical document classification and then unsupervised mathematical document
clustering.
3.1

Pre-existing classification schemes

Mathematicians are used to classifying their papers. One of the first mathematical classification schemes appeared in the subject index for Pure Mathematics of 19 volumes of
the Catalogue of Scientific Papers 1800–1900 [45]. This attempt was continued but not
completed by the International Catalogue of Scientific Literature (1901–1914). About two
10
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hundred classes were used. Headings in the Jahrbuch [40] may be considered as another
classification scheme.
The Library of Congress classification system has 939 subheadings under the
heading of QA: Mathematics. Another schemes used in many libraries around the world
are the Dewey Decimal system and the Referativnyi Zhurnal System used in the Soviet
Union. To add to this wide variety of schemes, we may mention systems used by NSF
Mathematics Programs, by various encyclopaedia projects such as Wikipedia, or by the
arXiv Preprint project [5]. However, the most commonly used classification system today
is the Mathematics Subject Classification (MSC) scheme (http://www.ams.org/msc/),
developed and supported jointly by reviewing databases Zentralblatt MATH (Zbl) and
Mathematical Reviews (MR).
It is clear that no fixed classification scheme can survive longer time period, since
new areas of mathematics appear every year. Mathematicians entered the new millennium
with the MSC version 2000, migrating from MSC of 1991. MSC 2010 has already been
prepared and published at msc2010.org recently, and is used by publishers. The primary
and secondary keys of MSC 2000, requested today by most mathematical journals are
used for indexing and categorizing a vast amount of new papers (100,000 new math items
per year).
Editors of mathematical journals usually require the authors themselves to include
the MSC codes in manuscripts submitted for publication. However, most retrodigitized
papers published before the adoption of MSC are not classified yet. Some projects, e.g.
Jahrbuch, use MSC 2000 even for the retroclassification of papers. Human classification
needs significant resources of qualified mathematicians and reviewers. A similar situation is
in the other retrodigitization projects such as NUMDAM [10] (http://www.numdam.org),
or DML-CZ [50, 6] (http://www.dml.cz): classifying digitized papers with MSC 2000
manually is expensive.
As there are already many papers properly classified (by authors and reviewers) in
recent publications, methods of machine learning may be used to train an automated classifier based on the full texts obtained by optical character recognition (OCR) from authorand/or reviewer-classified papers. This is a clear example of a supervised classification
task.
3.2

MU’s Supervised Document Classification

MU have performed a series of experiments in developing a supervised classification
system for automatically attributing MSC classification codes to papers based on their
textual content.
There are many modelling techniques available for this task. To design a classifier,
we have to choose measurable features to be as discriminative as possible.
It is widely known that the design of the learning architecture is very important, as
is preprocessing, learning methods and their parameters [42].
For the purpose of building an automated MSC classification system, MU chose the
standard Vector Space Model (VSM) together with various statistical Machine Learning
(ML) methods. In order to convert the text in the natural language to vectors of features,
several pre-processing steps were required —for a more thorough explanation, see e.g. [42].
D8.1: Association Analyzer Implementation: State of the Art, revision 1 as of 27th November 2010
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A detailed description of all ML methods and Information Retrieval (IR) notions is beyond
the scope of this report; the reader is referred to the overviews [48, 56, 37] for exact
definitions and notation used.
The setup of the experiments is such that MU ran a vast array of training attempts
in multidimensional learning space of tokenizers, feature selectors, term weighting types,
classifiers and learning methods’ parameters:
tokenization and lemmatization: the first part of the preprocessing relates to
how the text is split into tokens (words)—alphabetic, lowercase, Krovetz
stemmer [30], lemmatization, bi-gram tokenization (collocations chosen
by MI-score);
feature selectors: how to choose the tokens that discriminate best—𝜒2 , mutual information (MI-score) [57, 18, 17];
feature amount: how many features are needed to classify best—500, 2,000
or 20,000 features [18];
term weighting: how the features will be weighted (tfidf variants [47] or
[37, Fig. 6.15]) and smart weights normalizations (atc (augmented term
frequency), bnn and nnn) [33];
classifiers: Naïve Bayes (NB), 𝑘-Nearest Neighbours (𝑘NN), Support Vector
Machines (SVM), decision trees, Artificial Neural Nets (ANN), K-star
algorithm, Hyperpipes;
threshold estimators: how to choose the threshold category of the classifier:
fixed or s-cut strategy for threshold setting [55];
evaluation and confidence estimation: how results are measured and how
the confidence is estimated in them—Receiver Operating Characteristic
(ROC), Normalized Cross Entropy (NCE) [20].
To give an example, evaluating one particular combination might mean that the corpus is
tokenized using an alphabetic tokenizer, the best 2,000 tokens (words aka features aka
terms) chosen using 𝜒2 and weighted using an atc scheme.
In all experimental set ups, one part of the corpus was used for training the binary
classifiers and the rest used to evaluate whether the predicted MSC equalled the expected
MSC.
Each classifier was a binary classifier and responsible for recognising one category
(MSC class). Given a full text on input, each classifier returned whether the document
belonged to that category or not. Therefore, each article could be predicted to belong to
any number of categories, including none or all.
Out of the seven classifiers listed above, only the first three were used in the final
experiments. The other four were discarded on the ground of poor performance in
preliminary experiments not reported here. That is to say that only Naïve Bayes (NB),
𝑘-Nearest Neighbours (𝑘NN), Support Vector Machines (SVM) based classifiers were
found to be accurate enough for further investigation.
In order to evaluate the quality of each learned classifier, an average of ten crossvalidation runs were calculated and standard measures such as micro/macro F1 3 , accuracy, precision, recall, correlation coefficient, break-even point and their standard
3. The F1 measure is the harmonic mean of precision and recall.
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deviations [37, 42] calculated. All these results are then compared to see which ‘points’ in
the parameter space performed best.
A full analysis of the results is beyond the scope of this report. However, a significant
outcome was that a F1 classification score of 80% is easily achievable using either Naïve
Bayes (NB), 𝑘-Nearest Neighbours (𝑘NN), or Support Vector Machines (SVM) based
classifiers.
In addition, the best performing method of Support Vector Machines trained on a
large number of features was, with some fine tuning, able to achieve an F1 score of 89%.
This result is highly encouraging and it shows that classifiers can be trained to a high
degree of accuracy on this task.
One limitation however is that many of the methods used in these experiments
are computationally expensive and therefore only appropriate for batch processing the
collection at regular intervals rather than ad hoc document classification. One of the few
exceptions seem to be new GenSim framework [44].

3.3

Unsupervised Document Clustering

Recall that one of the purposes of the automated MSC classification detailed above is
to enable a similarity search. The idea being that, given MSC categories, the user may
browse articles with similar MSCs and thus (hopefully) with similarly relevant content.
However, in the absence of MSC codes or similar metadata, it is possible to compute
similarity measures directly based on the articles’ content, with no reference to humanentered or human-revised metadata.
Since many texts come from OCR-based sources containing errors at the character
level, fine grained linguistic analysis tools are ineffective but brute-force Information
Retrieval approaches can be used.
Řehůřek and Sojka [43] describe experiments in computing paper similarities using
tfidf [47] and Latent Semantic Analysis (LSA) [15] methods. Again, both use a Vector
Space Model, first converting articles to vectors and then using the cosine of the angle
between the two document vectors to assess their similarity [37]. The difference between
them is that while tfidf works directly over tokens, LSA first extracts concepts, then
projects the vectors into this conceptual space where it computes similarity.
For LSA they chose the 200 top latent dimensions (concepts) to represent the
vectors, in accordance with standard practise [15].
As discussed above, evaluating the effectiveness of unsupervised similarity schemes
is not easy. This is due to the fact that, as far as we know, there exists no corpus with an
explicitly evaluated similarity between each pair of papers. One possible solution would
be to construct such a corpus for testing purposes but this option is clearly too costly
and so instead MU evaluate their work by assuming that MSC equality implies content
similarity. Accordingly, they evaluated how closely the computed LSA similarity between
two papers corresponds to the similarity implied by them sharing the same MSC.
To avoid data sparseness, they only took note of the top MSC categories (first two
letters of the MSC codes). Both tfidf and Latent Semantic Analysis produce clusters where
articles with the same MSC group are clustered in the same postion while there is a low
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overlap between groups with different MSC groups. There are also however exceptions
which is to be expected from noisy real-world data.
3.3.1 MU’s Experiments with Latent Semantic Analysis
One advantage of Latent Semantic Analysis [15] is that “concepts” can be easily analysed
to determine what is being discriminated within clusters.
The corpus they used consisted of papers from the Czechoslovak Mathematical
Journal (CMJ) which contains papers in several different languages and it is clear that the
first thing the method distinguishes is language, as the first terms of top concepts are:
1. 0.3 "the" +0.19 "and" +0.19 "is" +0.18 "that" +0.15 "of" +0.14 "we" +0.14 "for"
+0.11 "𝜀" +0.11 "let" +0.11 "then" +. . .
2. −0.41 "ist" −0.40 "die" −0.28 "und" −0.26 "der" −0.23 "wir" −0.21 "für"
−0.17 "eine" −0.17 "von" −0.14 "mit" −0.13 "dann" +. . .
3. −0.31 "de" −0.30 "est" −0.29 "que" −0.27 "la" −0.26 "les" −0.2 "une" −0.2 "pour"
−0.20 "et" −0.18 "dans" −0.18 "nous" +. . .
4. −0.36 "qto" −0.29 "dlffl" −0.23 "pust~" −0.19 "iz" −0.19 "esli" −0.16 "tak"
−0.16 "to" −0.14 "na" −0.14 "togda" −0.131169 "my" +. . .
5. −0.33 "semigroup" −0.25 "ideal" −0.19 "group" −0.18 "lattice" +0.18 "solution"
+0.16 "equation" −0.16 "ordered" −0.15 "ideals" −0.15 "semigroups" +. . .
6. 0.46 "graph" +0.40 "vertices" +0.36 "vertex" +0.23 "graphs" +0.2 "edge"
+0.19 "edges" −0.18 "𝜀" −0.15 "semigroup" −0.13 "ideal" +. . .
7. 0.81 "𝜀" −0.25 "semigroup" −0.16 "ideal" +0.12 "lattice" −0.11 "semigroups"
+0.10 "i" −0.1 "ideals" +0.09 "ordered" +0.09 "ř" −0.08 "idempotent" +. . .
8. 0.29 "semigroup" −0.22 "space" +0.2 "𝜀" +0.19 "solution" +0.19 "ideal"
+0.18 "equation" +0.16 "oscillatory" −0.15 "spaces" −0.16 "compact" +. . .

(Adapted from [43])
The first concepts clearly capture the language of the paper (EN, DE, FR, RU), and
only then topical term-sets start to be grabbed. This is not surprising but it means that
the classifiers then have to be trained either for every language, or the document features
have to be chosen language-independently by mapping words to some common topic
ontology. To the best of our knowledge, nothing like EuroWordNet for mathematical
subject classification terms or mathematics exists.
Given the amount of training data, we face the sparsity problem for languages such
as Czech, Italian, German and even French presented in the CMJ digital library. However,
it is possible that the combined size of the EuDML collection will make this problem less
of an issue.
MU also applied LSA on the monolingual corpora of Archivum Mathematicum,
where mathematics formulae were used during tokenization (subcorpus created from
original TEX files). In this case, we see that even in the first concepts, there was significant
proportion of mathematical terms with high weights in concepts created by LSA:
1. −0.32 "t" −0.24 "ds" −0.17 "u" −0.17 "_" −0.17 "x" −0.15 "solution"
−0.12 "equation" −0.11 "q" −0.11 "x_" −0.11 "oscillatory" +. . .
2. 0.28 "ds" +0.28 "t" −0.22 "bundle" −0.16 "natural" +0.15 "oscillatory" −0.15 "vector"
+0.13 "solution" −0.13 "connection" −0.13 "manifold" +0.11 "t_0" +. . .
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3. −0.22 "bundle" +0.19 "ring" −0.17 "natural" −0.16 "oscillatory" +0.15 "fuzzy"
−0.15 "ds" +0.12 "ideal" −0.11 "t" −0.11 "$r_0$" −0.11 "nonoscillatory" +. . .
4. 0.29 "ring" −0.23 "x_" −0.21 "_" +0.21 "oscillatory" +0.18 "ideal" +0.17 "𝑟"
+0.16 "prime" +0.15 "rings" +0.13 "nonoscillatory" −0.12 "x_n" +. . .

This supports the idea that mathematical formulae have to be taken into account—
having robust math OCR and finding its good discriminative feature representation we
may get much better similarity and classification results in the future. In addition, [23] report early results in word-based context windows to disambiguate mathematical terms and
symbols. We believe this work could potentially improve the above results in unsupervised
clustering of mathematical documents.
3.3.2 MU’s Implementation of Streamed Clustering
A relatively new way of clustering is streamed clustering, where number of documents
covered is virtually unlimited [24]. A new NLP tool GenSim has been developed recently.
Its aim is to make unsupervised “semantic analysis” (in the mundane statistical sense, no
psychology/linguistics) of texts. Features:
∙ can process corpora larger than RAM (streamed algorithms);
∙ simple to trivial interfaces: you can get going quickly, no Java-esque madness.
GenSim contains unique incremental implementations of popular algorithms like:
Latent Semantic Analysis takes 2.5 hours on a 2 billion corpus of 3.2M documents (the
entire English Wikipedia), on a single laptop. LSA has not been used much in
practical NLP due to its massive computational demands; it is now no longer an
issue.
Latent Dirichlet Allocation a more recent but slower technique, can be run in distributed
mode over a cluster of computers.
3.3.3 Future Directions in Research
This work is still at an early stage but there are several directions which potentially can
improve performance and in particular, recall. For example, the pre-processing of vectors
representing the documents can be improved using NLP techniques (characteristic words,
bi-words, etc.) or use higher order models (deep networks). Mainstream machine learning
research has concentrated on using “convex”, shallow methods (SVM, shallow neural
networks with back-propagation training) so far. State-of-the-art fine tuned methods allow
very high accuracy even on large scale classification problems. However, the training
of these methods is exceptionally high and the models are big. Using the ensembles of
classifiers makes the situation even less satisfactory (size even bigger), and the final models
need to be regularized.
In future, new algorithms for a hierarchical text classification [16] might be tried
and training large models with non-convex optimization [8] may give classifications that
does not exhibit overfitting.
Further studies will encompass a fine-grained classification trained on bigger collections (using MSC tagged mathematical papers from (ArXiv.org), growing NUMDAM
and DML-CZ libraries etc.), and a rigorous measure confidence evaluation [20].
D8.1: Association Analyzer Implementation: State of the Art, revision 1 as of 27th November 2010
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For final large scale applications scaling issues, and fine-tuning the best performance
by choosing the best set of preprocessing parameters and machine learning methods
remains to be done. We watch Apache Lucene Mahout project’s code when scalability of
machine learning will arise as a serious issue. GenSim’s scalability might be sufficient for
EuDML scale.

3.4

Summary of Document Classification and Clustering

MU’s results convincingly demonstrate the feasibility of a machine learning approach to
the classification and clustering of mathematical papers. In addition, the approaches can
be easily tweaked to favour a different trade-off between higher recall and/or precision.
Results in the form of guessed MSC codes and automatically generated lists of similar
documents are already directly used in the DML-CZ project thus providing a preexisting
proof of concept.

4

Towards a Prototype

In the report above we have reviewed several technologies which have proven useful
in association analysis: citation indexing and document classification and clustering. As
reviewed, citation indexing is an established feature within digital library-based information retrieval and there are various algorithms capable of doing this task with good
accuracy. However, there has been little analysis comparing different approaches on the
same collection and using comparable metrics.
There has been less application of document classification and clustering technologies within digital libraries. However, automatic classification and clustering based on
free text allows documents to be retrieved for which there is no pre-existing citation link
or association. Therefore these technologies provide the potential to discover relevant
research which may not be previously associated with the original document or search
query.
The next step in Work Package 8 is to produce a prototype which supports both
types of association analysis. We have decided to produce a suite of APIs for partner’s
existing technology from previous projects including:
∙ ICM’s work on Citation Indexing and Matching;
∙ UJF/CMD’s work on Citation Indexing and Matching;
∙ MU’s work on Unsupervised Document Clustering.
This prototype will be released in month 15 of the project. Once the prototype is completed, in months 16–18, we will perform an evaluation comparing the technologies on
the same document collection (a representative sample of the EuDML collection). Finally
in months 19–33, based on this evaluation, we will make enhancements to our range of
APIs to move beyond the current state of the art in association analysis. Finally we will
release the toolset as a standard service for the system architecture in month 33.
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5

Summary

This report has provided an overview of the state of the art in association analysis in digital
libraries focused on two main technologies: citation indexing and document classification
and clustering. Each technology offers a distinctive facility for building associations
between documents within a collection and we already have working proof of concept
applications and expertise from previous projects. Our next step is to first build a working
prototype toolset which can be properly evaluated and then further enhanced beyond the
state of the art.
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[43] Radim Řehůřek and Petr Sojka. Automated Classification and Categorization of Mathematical Knowledge. In Serge Autexier, John Campbell, Julio Rubio, Volker Sorge, Masakazu
Suzuki, and Freek Wiedijk, editors, Intelligent Computer Mathematics—Proceedings of 7th
International Conference on Mathematical Knowledge Management MKM 2008, volume
5144 of Lecture Notes in Computer Science LNCS/LNAI, pages 543–557, Berlin, Heidelberg,
July 2008. Springer-Verlag.
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