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ABSTRACT
Even though the Linking Open Data cloud is constantly
growing, there is a serious lack of published data sets re-
lated to the domain of academic mathematics. At the same
time, since most scholarly publications in mathematics are
well-structured and conventional, it’s promising to get their
helpful detailed representation. The paper describes an ap-
proach to extracting and analyzing the structure of math-
ematical papers. We present the Mocassin ontology that
is used by analysis algorithms and can be considered as an
ontology of the structure of scholarly publications in math-
ematics. The proposed semantic model has been evaluated
on a set of real mathematical papers and preliminary eval-
uation results are encouraging. Also we discuss potential
applications of the model to specific information retrieval
tasks including semantic search.

Categories and Subject Descriptors
H.3.1 [Content Analysis and Indexing]: Indexing meth-
ods

General Terms
Algorithms
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1. INTRODUCTION
The last several years have seen the rapid development of

the Linked Data paradigm [3]. It is based on the idea of de-
scribing the contents of documents, e.g. web pages, in terms
of “resources” or objects. As a rule, an ontology provides a
controlled vocabulary that can be used to model a domain,
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that is, defining types of objects and valid relations between
them. The object descriptions are typically stored as RDF
data in a knowledge base. This data model has prominent
advantages with regard to such challenging applications as
data integration and semantic web search [1, 4, 22, 23].

The work presented here is a part of the long-term project
Mocassin1. Its primary goal is ad-hoc object retrieval in a
collection of mathematical scholarly publications. In par-
ticular, one of the most urgent problems is summarizing
of the main theoretical results for a given publication. In
our point of view, this requires a specific representation of
original documents, in the context of which a mathematical
document consists of interconnected objects or segments. In
our terms, a segment is a document part characterized by
its starting and ending positions and having a certain func-
tional role. Therefore, document structure analysis is an
important task that should be resolved during the indexing
phase of the search engine. More precisely, the proposed ap-
proach considers this task as a semantic analysis of not only
document segments, but also relations between them. The
semantics is described by means of our ontology.

1.1 Modeling the Structure of Scientific Pub-
lications

Every traditional research paper is well-organized. Some
ideas have been elaborated to represent the structure of a
typical paper. For example, in [8] the ABCDE format for
proceedings and workshop contributions was proposed. As
stated by the authors it can be easily mined by semantic
browsers and characterizes by the following elements that
have clear meanings: Annotation, Background, Contribu-
tion, Discussion and Entities. The next relevant semantic
model is SALT (Semantically Annotated LATEX) [10], which
can be considered as a rich extension of the ABCDE format.
This is an ontology-based approach to authoring research
papers. SALT gives options to annotate a document part
according to its rhetorical role. Also the SALT Document
Ontology introduces the semantics of document segments
that every research paper tends to include: Section, Para-
graph, Figure and Table. Additionally, this ontology covers
basic relations between document parts, such as hasPara-
graph, hasFigure, hasTable and so on.

1.2 Mathematical Knowledge Representation
Mathematical scientific articles are probably the most

1MocaSSIN – Mathematical Semantic Search EngINe.
http://code.google.com/p/mocassin/



highly structured papers in the science domain. The other
essential features of mathematical texts are the presence of
mathematical notation elements and so-called “mathemati-
cal vernacular”, a peculiar subset of natural language that
abounds with fixed phrases (e.g. see section “Phrases Used
in Mathematical Texts” in [21]). By the way, over the past
decade there have been significant advances in represent-
ing semiformal mathematical knowledge. The languages for
formalized mathematics give opportunities to build seman-
tically enriched models of a mathematical document and na-
tively support logical structures on the statement level of a
document. For example, the HELM ontology [2, 19] defines
the concept Theory as a structured document, which con-
tains instances of the concept TheoryItem. It’s possible to
specify the kind of theory items using the property itemType.
The examples of an object category are Axiom, Fact, Defi-
nition, Theorem, Lemma, Corollary and Variable. In addi-
tion, there are relations to state dependency between theory
items: uses, hasConsequence and hasPremise. Another ex-
ample is the Document Rhetorical aspect (DRa) ontology of
the MathLang project [12], which characterizes document
structure units according to their “mathematical rhetorical
roles”, such as assertion, conjecture, claim, example, propo-
sition, theorem etc. Also DRa ontology introduces relations
between structural units, namely exemplifies, inconsisten-
tWith, justifies, subpartOf, relatesTo and uses. Last but not
least, both the statement level of the OMDoc format [14]
and its ontology [15] express a class hierarchy of the state-
ments and their properties. The Statement class is the root
of OMDoc statement hierarchy. An OMDoc statement must
be either constitutive or non-constitutive. The statements
of the former category can be represented as instances of
the classes Definition and Axiom; the statements of the lat-
ter type are instances of the Example, Assertion or Proof
classes. At the same time, some types of assertions have a
proof (Theorem, Proposition, Corollary, Lemma), the oth-
ers don not need a proof (Conjecture, Postulate). This is
expressed by the ProvenAssertion, UnProvenAssertion, Re-
futedAssertion subclasses of Assertion. The fundamental
OMDoc relations are formalizes (related to different degrees
of formalization), hasPart and dependsOn. Besides them,
there are proves, exemplifies, defines and other relations.
Finally, the forementioned representation formats are sup-
ported with helpful tools for authoring documents and inte-
grating with theorem provers like Mizar, Coq and Isabelle.

However, the workflow of creating such highly formalized
mathematical documents is still a laborious process. More-
over, it’s generally known that most scientific publications in
mathematics are currently stored as PDF files, which have
been compiled from the LATEX sources. As an example, the
Cornell University Library arXiv.org2 is a freely available
collection of electronic preprints of scientific articles in var-
ious fields including mathematics. As we shall see later,
LATEX is not only a convenient and powerful language for
authoring mathematical papers, but even more appropriate
than PDF in the sense of document structure analysis. For
now, we give some observations. First, LATEX enables us to
avoid the problems (faced by the authors of [17]) related to
Optical Character Recognition (OCR) and document seg-
mentation by font style differences. Second, LATEX’s cross-
referencing mechanism, which is widely used by mathemati-

2http://arxiv.org

cians, provides a universal device for extracting relations be-
tween document parts. On the other hand, the great exten-
sibility of LATEX serves as a double-edge sword. We should
tackle the problem of recognizing semantically identical seg-
ments that could be annotated differently. For example, the
well-known AMS-LATEX package includes fairly flexible com-
mands to represent theorem-like environments, but there are
no limitations to declare, say, a theorem using the following
names: theorem, thm, thms or maintheorem. Furthemore,
we have to deal with the synonyms as in case of remarks,
comments and notes.

At last, the arXMLiv dataset [20] is a great resource for
research too. It contains over 60% of arXiv.org papers that
were automatically converted to XHTML + MathML from
LATEX. Available arXMLiv conversion tools make use of
manually created LaTeXML bindings [16] that support var-
ious macro packages. The arXMLiv representation format
is built upon XML and, therefore, makes various structural
elements (e.g. sections, theorem-like environments, equa-
tions) tractable.

1.3 Semantic Analysis of Mathematical Docu-
ments

Our approach is closely related to the one of [7], which
automatically builds a semantic model for a mathematical
document edited with the standardized sTEX macro pack-
age [13]. This model makes such documents directly avail-
able from the Web converting them to XHTML+RDFa for-
mat and offers different types of services like notation expla-
nation, versioning and semantic search. But this approach
is apparently impractical for handling large collections of
the papers. Also we would like to note linguistic analy-
sis modules of the arXMLiv project [9]. For example, a
module for context based formula understanding aims to
resolve ambiguities of mathematical notation. For that pur-
pose, document text fragments, which surround a formula
and contain certain patterns, are used to seek appropriate
meanings of formula symbols. Another useful application is
a module for applicable theorem search. This module ana-
lyzes idioms and fixed word sequences to extract hypothesis
and conclusion parts of statements in the document. The
mArachna project [11] focuses on extracting ontologies com-
bining the mathematical knowledge and information about
the document structure. However, the authors do not pro-
vide many details about the specification of the document
structure, and implementation of the entity extraction tech-
niques. Concerning the automatic extraction of semantic
relations between document parts, to the best of our knowl-
edge, our study is the first to examine it in the context of
the mathematics domain.

The paper is organized as follows. In section 2 we present
our ontology capturing the semantics of mathematical pub-
lication segments. In section 3 we describe the proposed
ontology-based methods of logical structure analysis. Sec-
tion 4 reports on the experimental results and an evaluation
of the algorithms. We conclude in section 5 and discuss
future work.

2. MOCASSIN ONTOLOGY
The motivation behind the development of our own

lightweight ontology3 is to find a trade-off between expres-

3http://cll.niimm.ksu.ru/ontologies/mocassin



siveness of a semantic model and feasibility of the extraction
algorithms. Specifically, we follow these considerations:

• synthesis – a careful analysis of state-of-the-art ap-
proaches to formalization of the structure of mathe-
matical documents;

• pragmatism – exploiting the statistics of the most
frequent annotations occured in genuine scientific pa-
pers;

• functionality – defining unique and non-redundant
role of an object and its properties;

• flexibility – support for easy integration with the ex-
isting relevant models.

The main goal of the Mocassin ontology is to capture the
structural layout of a mathematical scholarly paper. The
segment represents the finest level of granularity and has
basic characteristics such as starting and ending positions,
the text or math contents, and a functional role. Lever-
aging the LATEX markup facilitates the identification of the
former properties. But the latter one needs to be explored
further. In order to discover a candidate set of ontology
concepts, we studied the distribution of LATEX commands in
two collections of scholarly papers in mathematics. The first
one is a sample of 1031 documents from arXiv.org. This
is an example of a “wild” collection because of the indepen-
dent submission process encouraged by this online library.
The second collection contains 1355 papers of the “Izvestiya
Vysshikh Uchebnykh Zavedenii. Matematika” journal4 from
1997 to 2009. The documents of this collection have been
created under more strict and well-organized formatting and
style requirements. So, we extracted the instances of LATEX
commands by considering them to be structural elements.
The environments unrelated to the logical structure (e.g.
align, itemize, center) were excluded. As a postprocess-
ing step the semantically similar structural elements were
merged into one concept. Finally, we obtained the follow-
ing results. There are 103680 and 40805 instances in the
arXiv.org sample and the “Izvestiya ...” corpus, respectively.
The greatest part of those instances (69% and 52%, respec-
tively) are equations represented, as usual, by equation or
equationgroup environments. Sections and subsections are
also ubiquitous elements in the papers of two collections (8%
and 7%). We consider them as instances of the SALT’s Sec-
tion concept. Ten remaining high-frequent elements form a
relatively stable set of concepts (see Figure 1).

Among others, there are such elements as question, prob-
lem, condition, property and so on. They are much less
frequent and were excluded from the concept set. By way of
exception, the Axiom concept was added to the ontology as
a constitutive element, even though it occurs fairly seldom.
The DocumentSegment class is stated as a root concept of
the ontology hierarchy.

The next step is defining a set of valid relations between
segments. We analyzed three prior-art semantic models. Ta-
ble 1 contains the definition of the relations (SALT’s con-
cepts are emphasized) along with information about the
presence of them in HELM, MathLang and OMDoc. Al-
though it should be noted that the semantics of interpre-
tations for a given relation is not always immutable across

4http://www.ksu.ru/eng/el_journ/izvuz/

all the models. Nevertheless, we have included this set of
relations in our ontology after redefining them through the
ontology concepts. In addition, the relations can be divided
into two groups. The first one consists of navigational re-
lations that aim to point to either an object of interest or
an object required for reasoning. They are refersTo and
dependsOn. The refersTo relation means that one segment
contains a reference to another one. Most authors exploit
this device to point at significant parts of a publication in the
form of referential sentences. The dependsOn relation means
that one segment uses another one as an essential prelimi-
nary fact, e.g. for defining a term or justifying a particular
statement. If a statement contained by the second segment
is untrue, the uncertainty of the statements contained by
the first segment arises. For example, a false statement of
a theorem leads to the falsity of a proof grounded in the
theorem. It should be stressed that dependsOn is transi-
tive. It means that one can derive semantic dependencies
between segments from the transitive closure of this rela-
tion. The second group contains relations with quite re-
stricted domains. Among them, there are hasConsequence
(the relation between a segment and its corollary), exempli-
fies (the relation between an example and a segment) and
proves (the relation between a proof and a statement that
the proof justifies). The hasPart relation is a part-whole
relation between segments.

Eventually, in order to integrate the Mocassin Ontology
with the SALT Document Ontology, we could declare has-
Segment relation using SALT’s Publication class and Mo-
cassin’s DocumentSegment class as its domain and range, re-
spectively. Another dependency relationship between these
ontologies is a declaration of Mocassin’s refersTo property,
that is, SALT’s Section class is permitted to be both a do-
main and a range of the property.

Expressiveness of the proposed ontology can be enhanced
with additional rules that might be useful for applications.
For example, the rule

dependsOn(p, t)← hasPart(t, e), dependsOn(p, e)

states that a segment p (say, a proof) depends on t (e.g.
theorem) if t contains a segment e (e.g. equation) and p
depends on e. Inference engines might use such rules during
the reasoning process to discover some helpful properties of
involved objects.

Thus, one can build semantic representation for a given
mathematical paper using concepts and relations of the on-
tology. Since each ontology may be seen as a digraph, where
the concepts are nodes and relations are edges, the con-
structed model can be serialized into various RDF formats
in the form of subject-predicate-object triples. For the pur-
pose of illustration, we provide an example of annotating
the fragment of a document with the ontology elements us-
ing the RDF/N3 syntax:

<example.tex#Theorem1> a <m:Theorem> .

<example.tex#Proof1> a <m:Proof> .

<example.tex#Section1> <m:hasPart>

<example.tex#Theorem1> .

<example.tex#Section1> <m:hasPart>

<example.tex#Proof1> .

<example.tex#Proof1> <m:proves>

<example.tex#Theorem1> .

In practice, the RDF metadata along with source files
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Figure 1: Occurrencies of the structural elements in the test collections

Table 1: The definitions of the ontology relations and their presence in the different semantic models

Relation Domain Range HELM ML OMDoc

hasPart DocumentSegment, Section DocumentSegment, Section, Figure, + + +
Table

refersTo Section, Axiom, Claim, Section, Figure, Table, + + +
Conjecture, Corollary, Definition, Axiom, Claim, Conjecture,
Example, Lemma, Proof, Corollary, Definition, Equation,
Proposition, Remark, Theorem Example, Lemma, Proof,

Proposition, Remark, Theorem
dependsOn Claim, Conjecture, Corollary, Axiom, Claim, Conjecture, + + +

Definition, Example, Lemma, Corollary, Definition, Equation,
Proof, Proposition, Theorem Lemma, Proposition, Theorem

exemplifies Example Axiom, Claim, Conjecture, - + +
Corollary, Definition, Lemma,
Proposition, Theorem

proves Proof Claim, Corollary, Lemma, - + +
Proposition, Theorem

hasConsequence Axiom, Claim, Conjecture, Corollary + - -
Corollary, Lemma, Proposition,
Theorem



Input: Sd,C, threshold
Output: O = {〈s, cs〉}
1: for s ∈ Sd do
2: string ← ExtractSegmentTitle(s)
3: if string = NIL then
4: string ← GetEnvironmentName(s)
5: end if
6: for c ∈ C do
7: name ← GetClassName(c)
8: 〈c, v〉i ← ComputeStringSimilarity(string, name)
9: end for

10: 〈c, v〉max ← GetMaxValue(〈c, v〉)
11: if vmax > threshold then
12: cs ← cmax

13: else
14: cs ← ∅
15: end if
16: O ← O ∪ 〈s, cs〉
17: end for

Figure 2: Algorithm for classifying document seg-
ments

(LATEX, PDF) can be stored in a knowledge base or a file
system for each mathematical paper in a collection.

3. LOGICAL STRUCTURE ANALYSIS
The ontology presented in the previous section specifies

a controlled vocabulary to semantic analysis of document
parts in a mathematical scholarly paper. Therefore, logical
structure analysis inherently falls into two tasks: (i) recog-
nizing the types of structural elements and (ii) recognizing
the semantic relations between them.

3.1 Recognizing the types of segments

Task 1 (Document segment classification).
Given a fixed set of Mocassin ontology classes C. For each
segment s ∈ Sd of a document d, find a classification func-
tion γ that maps segments to classes:

γ : S → C ∪ ∅,

where ∅ denotes a segment type undefined by the ontology.

The set C can be extended with classes from the afore-
mentioned SALT Document Ontology. Introducing the null
type ∅ is important because our ontology does not cover all
possible types of segments. The result of Task 1 is a map-
ping between segments and ontology concepts. To solve it,
we propose the following algorithm (see Figure 2).

The input of the algorithm is a set Sd of segments of a
given document d, the set of Mocassin ontology classes C,
and the predefined real-valued threshold, which ranges from
0 to 1. In lines 2 and 4 of the algorithm we exploit the LATEX
markup. The segment titles are extracted from the declara-
tions, which look like “\newtheorem {thm} {Theorem}”, in
the header of a document. If these elements are unavailable,
the environment names are used. For example, one could en-
counter the following declared environment names of proofs:
“\begin{proof}”, “\begin{pf}”, “\begin{prf}”. Then, we seek
the most similar ontology class according to a string similar-
ity measure between its name and the string corresponding
to a given segment. There are numerous metrics computing

Input: Sd, {〈s, cs〉}
Output: O = {〈s, so, d1, d2, verbs〉}
1: for s ∈ Sd do
2: bs ← GetSegmentBeginning(s)
3: es ← GetSegmentEnd(s)
4: Fs = (f1, . . . , fk)← ExtractReferentialSentences(s)
5: for f ∈ Fs do
6: m← FindMentionedSegment(f , Sd)
7: bm ← GetSegmentBeginning(sm)
8: em ← GetSegmentEnd(sm)
9: d1 ← bs − bm

10: d2 ← es − em
11: verbs ← ExtractVerbTokens(f)
12: O ← O ∪ 〈s,m, d1, d2, verbs〉
13: end for
14: end for

Figure 3: Algorithm for extracting features of navi-
gational relations between segments

similarity or dissimilarity score between two text strings (for
example, see [5]), the best known of which are edit distance
based (e.g. Levenshtein distance) algorithms and q-gram
index based algorithms. GetClassName function takes into
account synonyms of the concept names, e.g. both “conjec-
ture“ and ”hypothesis“ merge into one concept. After all, the
predefined threshold is used for checking whether a found so-
lution is appropriate. We assume that a preprocessing step
that makes the extraction of LATEX markup elements trivial
has been done. Then, the time complexity of the algorithm
is Θ(|Sd|×|C|×L), where L is the time complexity of the se-
lected string similarity algorithm, which generally depends
on both string lengths.

3.2 Recognizing the semantic relations
between segments

Task 2 (Relation classification). Given a fixed set
of Mocassin ontology relations R; a mapping {〈s, cs〉} be-
tween segments of a document d and Mocassin ontology
classes C, find a function δ that maps pairs of segments to
relations:

δ : S × S → R.

Before we introduce the relation extraction algorithm, it’s
necessary to divide the considered relations into two groups:
navigational and restricted relations. Then, such a separa-
tion leads to the following insights about relation recogni-
tion. We assume that navigational relations are expressed
by means of explicit references between segments. In other
words, our algorithm will tend to detect relations of this
kind in the context of given referential sentences. For ex-
ample, there is a sentence “By applying Lemma 1, we obtain
...” placed in a proof of a statement. This fact yields a
relation dependsOn between the proof and Lemma 1. Yet
another example is the sentence “Theorem 2 provides an ex-
plicit algorithm ...” contained in a segment of a document.
This statement produces the relation refersTo between the
document part and the theorem. That’s why, we have the
following algorithm for extracting features of navigational
relations (see Figure 3).

The input of the algorithm is a set Sd of segments of a
given document d and a mapping between segments and on-



tology classes that was acquired earlier. For each document
segment in Sd we obtain its starting and ending positions
normalized by the size of the document (GetSegmentBegin-
ning and GetSegmentEnd functions). In line 4 we extract
referential sentences contained by a given segment. Extrac-
tReferentialSentences function splits the text contents of the
segment into sentences and seeks occurences of the LATEX
command ref, e.g. “\ref {thm3.1}” or “\ref {lem2.2}”. To
simplify explanation, we assume that each referential sen-
tence contains the only occurrence of ref. Then, for each
referential sentence we find the segment, which is mentioned
in it. FindMentionedSegment function looks for the segment
having corresponding LATEX label. It finds either the label of
the segment itself or the one of the environment (e.g. item-
ize) contained by the desired segment. In the latter case,
this function associates the label with the least enclosing
segment. In lines 7 and 8 we obtain the starting and end-
ing positions of the found segment. In lines 9 and 10 we
compute the relative position of the initial segment, which
contains a referential sentence, with respect to the found
one (“distance“ feature). This is calculated as correspond-
ing subtractions of their starting and ending positions. Both
the values d1 and d2 range from 0 to 1. This feature takes
into account not only the order of two segments, but also
the distance between them. In particular, d1 and d2 are ex-
pected to be negative and near zero values in the context
of dependsOn relation. In line 11 we extract verbs from a
given referential sentence. Verbs appear to be the most dis-
criminative parts of referential sentences (”verb” feature).
For example, see, describe, show, notice, discuss are char-
acteristic of refersTo relation. On the contrary, get, ob-
tain, use, recall, apply, derive are more likely to occur in the
context of dependsOn relation. ExtractVerbTokens function
initially performs tokenizing, stemming and part-of-speech
(POS) tagging a sentence. It means that each word in a sen-
tence maps to its lexeme marked up with appropriate POS
tag. After that, the function filters out all non-verb tokens
using “VB*” pattern for POS tags to determine verb tokens.
The “verb” feature can be encoded as a boolean vector or
TF-IDF weighted vector after processing all the referential
sentences in a document corpus.

Thus, the output of the algorithm gives three types of
features for each relation instance. We have studied the
significance and discriminative power of these features for
classifying extracted relations. For that purpose we train a
learning model using a given data set of labeled instances.
Among various supervised training models, we have chosen
the decision tree model due to its easily interpretable output.
We report on the evaluation results in the next section.

In practice, the algorithm should be better executed after
preprocessing steps building the modified full text index,
which only contains verb tokens, for each referential sentence
of a segment. It would enable to reduce the time complexity
of the algorithm at least to Θ(|Sd|2 × |Fave|), where |Fave|
is the average number of referential sentences per segment.

On the other hand, when we discover instances of the re-
stricted relations, it’s sufficient to attach a complemental
segment for a given segment, the type of which is one of
Corollary, Example or Proof classes. We therefore present
a baseline algorithm for classifying restricted relations (Fig-
ure 4).

The algorithm makes use of the ontology, the mapping
between segments and ontology concepts, and information

Input: Sd, {〈s, cs〉},C, r ∈ R
Output: O = {〈s, p〉}
1: domain ← GetValidDomain(r)
2: ranges ← GetValidRanges(r)
3: for s ∈ Sd do
4: cs ← GetSegmentClass(s,C)
5: if cs = domain then
6: p← GetClosestPredecessor(s, ranges)
7: O ← O ∪ 〈s, p〉
8: end if
9: end for

Figure 4: Algorithm for classifying restricted rela-
tions between segments

about relative positions. We assume that each restricted re-
lation r has the only domain and several ranges. According
to Table 1, this is clearly true for proves and exemplifies
relations, and one can swap the domain and range of has-
Consequence relation to obtain the similar declaration. In
line 1 GetValidDomain function queries the Mocassin on-
tology to return the ontology concept being the domain of
a given relation r. For example, it returns Proof concept
for given proves relation. In line 2 GetValidRanges function
does almost the same to retrieve all the valid ranges for a
given relation r. Then, we bind each appropriate segment s
in a document d to its corresponding segment. Specifically,
in line 4 GetSegmentClass function determines the type of a
segment s using the given mapping. If the type of a segment
s does not fit to a given domain of a relation r, the segment
will be filtered out. Otherwise GetClosestPredecessor func-
tion seeks the closest precedent segment, the type of which
is among the valid ranges.

If the position index of segments is built and number of
ontology classes |C| is the known small integer, the time
complexity of the algorithm is Θ(|Sd|2).

Thus, the algorithm seeks a valid segment related to a
given instance of a corollary, a proof or an example. It should
be noted that leveraging referential sentences might improve
the accuracy of the algorithm. Certain ideas for improving
the baseline algorithm will be discussed in the next section.

4. EXPERIMENTS AND EVALUATION
We implemented the proposed algorithms as a Java li-

brary5, based on LATEX-to-XML converters of the arXMLiv
project [20], TeXlipse plugin API6, and GATE framework [6]
for annotation and document management.

At first, we provide the statistics from both the collections.
These results highlight the rationale behind using referential
sentences as an important factor of the approach. Here is
the first question: what is the share of documents marked up
appropriately using LATEX’s cross-referencing mechanism? It
turns out that only 24.0% of documents in the “Izvestiya”
corpus contain occurrences of ref command, while the anal-
ogous share was 89.1% of documents in the arXiv.org sam-
ple. The second question is how many referential sentences
does a document contain on the average? We consider doc-
uments with at least one referential sentence. In this case,
the results are quite similar for both the collections: there

5http://code.google.com/p/mocassin/downloads
6http://texlipse.sourceforge.net/



Table 2: Evaluation of document segment classifica-
tion

Class # of F1-score
true instances

Axiom 5 100.0
Claim 114 98.7
Conjecture 152 98.7
Corollary 1715 99.5
Definition 1838 100.0
Equation 71314 100.0
Example 771 99.9
Lemma 4061 99.8
Proof 4943 99.7
Proposition 3052 99.9
Remark 2114 100.0
Theorem 4670 99.1
other 671 89.2

is the mean value µ = 53.9 sentences (standard variance
σ = 48.7) for the “Izvestiya” corpus, and there is the mean
value µ = 51.4 sentences (standard variance σ = 52.6) for
the arXiv.org sample. Thus, taking into account the average
numbers of segments per document for both the collections,
one could reasonably expect that the generated digraphs of
the logical structure are at least weakly connected.

Hence, we proceed with evaluation results. In order to
evaluate our approach, we needed a tool to reduce the efforts
in assessment of our tasks. The GATE Developer applica-
tion has been used for that purpose, due to its opportunity
to visualize the XML output of the arXMLiv converters.
That’s why the evaluation of the proposed algorithms has
been carried out using only the arXiv.org sample.

For implementing the algorithm of document segment
classification, the q-gram string matching algorithm from
the SimMetrics library7 was used as a string similarity mea-
sure. Its value ranges from 0 to 1. The threshold value opti-
mized with regard to F1-score was estimated to be equal to
0.501. During the evaluation it turns out that almost all the
documents have the proper header declared. In general, this
means that we have left without evaluation rather difficult
cases, when the algorithm has only to deal with environ-
ment names. On the other hand, if the arXiv.org sample is
indeed unbiased in that sense, we can imply that the method
is acceptable for applying on the entire arXiv.org collection.
The method gave very accurate results (Table 2). Although,
it encountered difficulties when compounds are used in ele-
ment titles, e.g. “Smirnov’s Theorem”or“Thurston’s Virtual
Fibration Conjecture”. By the way, a warning should be pro-
vided here, because we evaluated only a segment recognition
task: we did not actually annotate by hand all the poten-
tial instances, e.g. particular pieces of text, with analogous
functional roles. In the conclusion, we will discuss probable
misses of the algorithm that the evaluation results do not
reflect.

To evaluate our supervised approach to recognizing navi-
gational relations, we randomly selected 243 referential sen-
tences from the document collection and manually anno-
tated them with the following labels: dependsOn, refersTo

7http://sourceforge.net/projects/simmetrics/

Table 3: Evaluation of classifying navigational rela-
tions

Features Acc. F1-score F1-score
refersTo dependsOn

type 0.663 0.566 0.752
type+distance 0.658 0.663 0.704
type+verbbool 0.704 0.653 0.770
type+verbtfidf 0.638 0.576 0.705
type+distance+ 0.716 0.706 0.762
verbtfidf

type+distance+ 0.741 0.744 0.772
verbbool

Table 4: Evaluation of classifying relations

Relation # of instances F1-score

refersTo 243 0.744
dependsOn 243 0.772
hasConsequence 178 0.687
exemplifies 62 0.613
proves 216 0.954

and other. After that, a decision tree learner implemented
in the RapidMiner application8 (based on C4.5 [18]) was
trained with features extracted by the algorithm. The di-
mension of vectors for verb tokens turned out to be equal to
121 in the experiment. Totally we had 2 nominal values of
structural element types and 123 numeric values associated
with each sentence. Table 3 shows the performance results
of 10-fold cross validation for all types of features and both
the boolean and TF-IDF weighted vectors for the verb char-
acteristic.

All the values were observed after optimization of confi-
dence and minimal leaf size parameters of the tree learner.
Further, the experiment established that about 95% (127 de-
pendsOn and 104 refersTo relation instances) of the labeled
sentences did, in fact, produce true navigational relations be-
tween segments. The quality of the feature-based algorithm
is demonstrated by its fairly promising results. It showcases
that even if we have a very limited training data set, it’s
reasonably expected almost 3/4 of unlabeled examples to be
handled correctly. However, acquiring new labeled instances
is usually quite laborious. For practical reasons some rules
can be derived from the output of the decision tree learner.
For example, let the first segment is denoted by “from”, and
“to“ is the second segment, respectively. Then, one can use
the rule to=’equation’ & from=’proof’ → dependsOn to de-
tect dependsOn relations with extremely high accuracy. For
the rule to=’theorem’ & from=’section’ & ’imply’ /∈ verbs→
refersTo, the estimated probability of a given relation with
such characteristics to be refersTo is nearly 0.74 on our test
set.

To evaluate our baseline algorithm for classifying the
restricted relations, we randomly selected at most 10% of
the documents, which contain corresponding segments (a
corollary, an example or a proof). Then, we annotate the re-

8http://rapidminer.com/



lations for each such a segment in a selected document, and
execute the algorithm. The results are shown in Table 4.
The algorithm fails to process those corollaries, which were
just the imports from other papers (26 out of 178 instances).
By the way, it shows that handling such cases should be in-
corporated into an extension of the algorithm. This can be
done by searching for citations to other papers located in the
title of a corollary. Further, the algorithm fails to retrieve
relations of particular examples that exemplify some text
fragments in a section (11 out of 62 cases). Our ontology
does not define the semantics of such relations. On the other
hand, leveraging references can improve the performance of
the algorithm. This gives opportunities to find elements be-
sides precedent ones involved in relations. The results for
retrieving instances of proves relation are very encouraging.
Furthermore, they might be better if the algorithm extracts
references from the titles of proofs, which look like “Proof
of Theorem 1”. Thus, we imply that the baseline algorithm
fairly succeeds in case of the proves relation, and requires
improvement for both remaining relations.

5. DISCUSSION AND FUTURE WORK
The proposed ontology-based approach to structure anal-

ysis of mathematical scholarly publications aims to semanti-
cally annotate them in an automatic way. During the devel-
opment, we took into account various state-of-the-art models
to formalize a structure of a mathematical document. The
analysis algorithms extensively use essential characteristics
of original texts. The reported evaluation results enable us
to consider potential applications of the model. For instance,
a provided semantic graph can be used for discovering sig-
nificant document parts such as a main theorem or a proof
of an important statement. Another helpful application is
similar document search. Additionally, we should note a few
caveats regarding the proposed approach. It still does not
cover rather difficult cases of ambiguous semantic roles of
some segments, e.g. when a subsection actually contains a
text of a proof. Furthermore, relying on the explicit markup
of a segment, it ignores particular representation examples
of statements tagged with only initial commands. Anyway,
an enormous portion of the appropriately marked up docu-
ment segments is successfully recognized. The next minor
issue is a common redundancy of some instances of naviga-
tional relations. This may cause an overhead in processing
some relation instances that could be merged into one with-
out loss of information.

Finally, we consider applying the demonstrated techniques
to analysis of relations between document segments via cita-
tion links within the whole collection of mathematical publi-
cations. In our point of view, this can provide opportunities
to build an intriguing logical dependency graph for partic-
ular mathematical knowledge objects that are represented
as statements in scholarly publications. We are also going
to extend our approach to other domains such as computer
science and physics.
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