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ABSTRACT
Textbooks are educational documents created, structured and for-
matted in a way that facilitates understanding. Most digital text-
books are released as mere digital copies of their printed counter-
parts. We present a mechanism that extracts knowledge models
from textbooks and enriches their content with additional links
(both internal and external). The textbooks essentially become hy-
pertext documents where individual pages are annotated with im-
portant concepts in the domain.We also show that extracted models
can be automatically connected to the Linked Open Data cloud,
which helps further facilitate access, discovery, enrichment, and
adaptation of textbook content. Integrating multiple textbooks from
the same domain increases the coverage of the composite model
while keeping its accuracy relatively high. The overall results of the
evaluation show that the proposed approach can generate models
of good quality and is applicable across multiple domains.
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• Information systems→Document representation; Informa-
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1 INTRODUCTION
Nowadays, a lot of high-quality expository content is accessed on-
line. Textbooks, tutorials, manuals, etc. are available on the WWW
for many subjects. Most of them are carefully-written and well-
formatted collections of thematic texts that are selected, ordered
and structured in a way that facilitates understanding. Textbooks
in particular tend to be logical and consistent in their structural
organization and formatting elements. These components of a good
textbook design are vehicles for improving structure awareness
in readers, which is an important factor for helping text compre-
hension and recall [19]. Unfortunately, digital textbooks are rarely
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published as hypertext documents. Even fewer such textbooks are
provided with additional tools, components or models that facilitate
knowledge discovery within a book, or linking to external knowl-
edge models and/or relevant resources outside of it. Considering
how much digital content is available online on virtually any topic,
readers of these textbooks could greatly benefit from some level of
support when they try to search for or navigate to information on
a certain topic.

In our recent work [2], we have presented an approach towards
automated extraction of machine-readable domain models from
textbooks taking into account their formatting rules and internal
structure. We have focused on PDF as the most common textbook
representation format; however, the overall approach is also ap-
plicable to other formats that are more explicit and coherent in
their structural specifications than PDF. In this paper, we take the
next step and demonstrate how these models can automatically link
textbooks from the same domain and integrate textbooks with a
global reference model, such as DBpedia. As a result, textbooks can
potentially become ubiquitous sources of knowledge for a growing
Linked Open Data initiative 1. Textbooks themselves also transform
into collections of documents linked to this Linked Open Data cloud
and become available for a rich variety of services that can facilitate
their discovery, enrichment, adaptation, etc.

At the end of every well-designed textbook, is a manually created
and curated index of important terms. Index creation is a tedious
process (e.g., Wiley estimates that "adequate index preparation
requires 10-15 hours per 100 typeset pages" 2). This process follows
elaborate guidelines stipulating index length and style, suggesting
what can be good and bad candidates for index terms, advising on
how to maintain consistency when creating hierarchical indices,
etc. [3]. Every index term is selected by a textbook author or a
dedicated human indexer. A result is not just a collection of words,
but, essentially, a reference model produced by a domain expert
according to a predefined set of rules. Each entry in this model is
provided with one or more links to the pages within a textbook.
And these pages do not simply mention index entries, but provide
meaningful references by either introducing corresponding terms
or elaborating them.

To implement the first step of the proposed approach, we have
analyzed the guidelines specified by several textbook publishers
for creating indices, generalized them into a set of heuristics and
implemented a rule-based component that extracts and formally
represents term-based knowledge models and their annotations of
textbook pages.

Each of these models is not guaranteed to provide high-quality
representation of a domain. They can potentially suffer from several
drawbacks:

1https://lod-cloud.net/
2https://authorservices.wiley.com/author-resources/book-authors/prepare-your-
manuscript/indexing.html
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(1) Subjectivity: they can contain terms that an author has used
for explanatory purposes, but which are only marginally
related to an objective picture of the domain semantics.

(2) Coverage: on the other hand, they can miss important terms
if a textbook does not cover (enough of) a particular part of
a domain.

(3) Granularity: although the authors are recommended to select
index terms cohesively, sometimes, the terms in an index
can be too detailed, too broad, or inconsistently vary in their
granularity.

(4) Lack of semantics: hierarchical indices can help specifying
structural relations between sub- and super-entries, "see-
also" cross-references can further facilitate linking related
terms; however, unfortunately, most indices do not provide
input even for these relations.

Nevertheless, at the very least, each extracted index is essentially
a formally represented collection of manually selected labels for
important notions in the domain and it comes with a manually an-
notated corpus of text, i.e., it becomes a machine-readable glossary.

To combat the potential problems of subjectivity, low coverage,
poor granularity and lack of semantics, glossaries extracted from
individual textbooks can be integrated with each other and linked
to external models. In this study, we focus on one of the most
popular such models - DBpedia3 [5]. It is a machine-understandable
knowledge base automatically-extracted fromWikipedia. Currently,
DBpedia contains 4.58 million resources and is available in 125
languages. Its information is stored as RDF triples that can be
queried using a SPARQL endpoint. The entire model can be also
downloaded as a database dump.

The remainder of this paper is organized as follows. Section 2
presents related work. Section 3 provides the details of the proposed
approach. Evaluation is described and discussed in Section 4. Finally,
Section 5 outlines conclusions and future work.

2 RELATEDWORK
2.1 Knowledge Discovery and Terminology

Extraction
DBpedia and other knowledge bases (KB) have been used before
for exploratory knowledge search. Semantic Wonder Cloud [35] is
a graphical tool where the user selects an initial DBpedia resource,
and then, the tool displays the ten most similar resources using a
hybrid ranking algorithm. The user can continue the exploration by
selecting one of the resources to get a new set of related resources.
Discovery Hub [30] is an exploratory search engine where the
user selects one or several topics of interest, and then, the system
selects and ranks on-the-fly ameaningful subset of resources using a
spreading activation algorithm and a sampling technique.Medelyan,
Witten, & Milne [31] use Wikipedia articles as topics and their titles
as controlled terms to discover topics in documents.

Terminology Extraction tasks deal with automated identifica-
tion of core vocabulary of a specialized domain in un- and semi-
structured corpora. Dwarakanath, Ramnani, & Sengupta [12] pre-
sented a two-step method for the automatic extraction of glossary
terms from software requirements documented in natural language.

3http://dbpedia.org

Lopes et al. [27] used three different methods to extract compound
terms from a text corpus of the domain of pediatrics.

Our approach is not guided by one initial resource in particular,
but instead, it uses a domain-specific glossary extracted from the
index sections of textbooks to discover the resources in DBpedia
that belong to the same target domain.

2.2 Linking Resources to Entities
The process of identifying the true sense of a resource or linking it a
formally defined entity has been researched in closely related fields.
Named Entity Recognition (NER) is an approach to identify and
classify named entities in free text [18].Word Sense Disambiguation
(WSD) is the task of choosing the right sense or meaning for a word
in a context using an exhaustive dictionary [7, 36]. Entity Linking
(EL) and Named Entity Disambiguation (NED) are sometimes used
indistinctly, where EL refers first to identifying entities and then
linking them to a resource in a KB, and NED focuses on the potential
ambiguity among several possible candidates in a KB [7]. Typically,
lexical ontologies, such asWordNet4, have been used inWSD [1, 37],
and global knowledge bases such as DBpedia in EL and NED [24, 33].
This paper focuses on NED.

Different approaches and tools to solve NED tasks have been
proposed. DBpedia Spotlight [32] receives a text, detects the enti-
ties, and applies a Vector Space Model using context around the
resources in DBpedia and the input text to disambiguate possible
candidates for the entities. Babelfly [36] computes semantic signa-
tures for concepts using Wikipedia, and then it links entities to the
concepts based on a high-coherence densest subgraph algorithm.
TAGME [15] uses a collective agreement between a candidate en-
tity and the possible candidates for other entities in the text for
disambiguation. KORE [21] uses keyphrase overlap relatedness to
relate entities in the text to pre-extracted entities from Wikipedia.
Other approaches use a notion of exclusivity-base relatedness to
measure how similar two nodes in a graph are [17], and a common
subsumers algorithm between ambiguous entities and close entities
that are unambiguous [22] for disambiguation.

Our disambiguation strategy differs from others in several as-
pects. First, we make use of the fact that textbooks belong to a
specific domain, and we use a DBpedia category that matches the
domain to create a core set of resources for context, if one is not
provided. The DBpedia category is the only manual input data that
our algorithm requires, in comparison to keywords [38] and seed
entities [34] in other approaches. Second, the list of keywords from
textbooks are in most cases abstract concepts and not concrete PLO
(Person, Location, and Organization) entities, so the use of individ-
ual categories or special formatting patterns for identifying those
entities cannot be used [6, 10, 24]. Finally, relying on prior probabil-
ities to get the most popular [20, 33] or authoritative [42] entities is
not useful in our case because we deal with domain-specific terms
and not general entities. Our disambiguation algorithm uses a DB-
pedia category to construct a core set of resources, then it extracts
the abstracts from the core set to be used as context information,
and finally, it uses a similarity measure based on the cosine coef-
ficient to disambiguate between similar candidates for each index
term.

4https://wordnet.princeton.edu/
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2.3 Knowledge Models of Textbooks
Research has been carried out on the creation of knowledge models
of textbooks. Larrañaga et al. [25] described a system that uses
natural language processing techniques, heuristic reasoning, and
ontologies for the semiautomatic construction of a representation
of the knowledge to be learned from electronic books. Wang et al.
[45] have extracted concept hierarchies from textbooks based on
their Table of Contents. Finally, Sosnovsky et al. [40] experimented
with harvesting topic-based models from HTML textbooks based
on the structure of their headings. However, none of those works
relied on automatic extraction of knowledge from a textbook index.

2.4 Open Knowledge Bases
Finally, it is important to mention that DBpedia is not the only
openly available global knowledge base that can be used to retrieve
resources in the Semantic Web [14]. Wikidata [43] started in 2012,
and is an open KB that can be read and edited by both humans
and computer agents. It stores facts extracted from the structured
data of Wikipedia, Wiktionary, and other projects of the Wikime-
dia foundation. Currently, Wikidata contains more than 63 million
items. It provides dumps for its database in different standard for-
mats, and also offers a SPARQL endpoint for direct querying. YAGO5

has been developed since 2007. It has imported information from
Wikipedia, WordNet, and GeoNames6. YAGO stores more than
10 million entities derived from about 120 million facts. Its latest
version, YAGO3, is available for download. KBpedia7 is another
project combining knowledge from several public knowledge bases:
Wikipedia, Wikidata, schema.org, DBpedia, GeoNames, OpenCyc8,
and UMBEL9. It includes 55 thousand reference concepts, links to
about 32 million entities, and 5 thousand relations and properties.
KBpedia provides an online search tool and it is also available for
download. Even though our approach uses DBpedia, it could be
adapted to work with these knowledge bases.

3 APPROACH
As the first step, our approach processes the content of a textbook,
finds its index, extracts all its terms and formally represents them
as a machine-readable glossary linked to pages across the textbook.
At the next step, we extract DBpedia resources that belong to the
target domain of the textbook and link them with relevant concepts
from the extracted glossary. Lastly, the glossary is enriched with
additional semantic information from DBpedia and creates a bridge
between the textbook and the Linked Open Data cloud. The only
manual intervention that the approach requires is the selection of
a DBpedia category matching the domain of the textbook. We also
argue that adding more textbooks from the same domain should
result not only in a joint hyperspace of cross-linked textbooks, but
also in a more complete and objective model.

Figure 1 presents an outline of the approach, identifying its three
main steps: 1) construction of a glossary of terms from textbooks, 2)
linking terms to DBpedia, and 3) enrichment of terms with semantic
5https://www.mpi-inf.mpg.de/departments/databases-and-information-
systems/research/yago-naga/yago/downloads/
6http://www.geonames.org/
7http://kbpedia.org/
8https://www.cyc.com/opencyc/
9http://umbel.org/

information. Each step is divided into smaller tasks. The following
subsections describe the details.

3.1 Construction of the Glossary
An index section provides a natural source for harvesting important
terms in a domain of a textbook. The two main challenges one
needs to address when creating a glossary from an index section of
a textbook are index extraction and term recognition. The former
refers to the task of parsing a textbook and extraction of its index
terms, and the latter refers to the identification of the right reading
order for each term.

3.1.1 Index Section Parsing. Regardless of the format of the text-
book (e.g., PDF or EPUB), the first task for the glossary construction
is to parse the textbook, recognize the index section, and retrieve the
index terms. Depending on the textbook format and the index sec-
tion layout (multi-column, hierarchically structured, or multi-line
entries), this process can be less or more challenging. We consider
this task as a prerequisite for our approach, and it is out of the
scope of this paper. Our index extraction process for PDF textbooks
is described in [2].

3.1.2 Term Recognition. Once a list of index terms is available, the
next step is to identify for each index element its reading label, that
is, the right order of words in which the element should be read for
compound index terms in a hierarchical structure. For example, the
hierarchical index entry distribution <> (gamma, normal) has three
index terms: distribution, distribution gamma (with possible labels
distribution gamma and gamma distribution) and distribution normal
(with possible labels distribution normal and normal distribution).
For those terms, gamma distribution and normal distribution are
the right reading labels. In this task, we use a term recognition
algorithm that checks the possible labels against the reference
text of each term (according to the page numbers of the index
entry) to identify the right labels. The algorithm receives as input
the candidate labels of an index term and the text (in the form
of sentences) of the page where that index term appears in the
textbook. The possible labels for a term are created permuting all
the parts or lines of a hierarchical index entry.

The algorithm uses the spaCy10 library for Python to break each
candidate and each sentence from the text into noun chunks. A
noun chunk is a flat phrase that has a noun as its head. Breaking
the text into noun chunks helps discovering meaningful words that
are equal in both: the candidates and the sentences, and discarding
auxiliary phrase parts like articles. Words in a noun chunk that are
not adjectives, verbs, nouns, or proper nouns are discarded. After
the candidates and the sentences are broken into noun chunks, the
algorithm tries to identify the candidates in each of the sentences
by comparing the noun chunks. The lemma forms of words are
used to compare two noun chunks. Lemmas forms are the canonical
or dictionary forms of words, and their use allows the algorithm
to find the candidate labels even if a term is written differently
(e.g., in a plural form, or with a different conjugation for verbs).
If all the tokens from the noun chunks of the candidate appear in
the same order in one sentence, the candidate is returned as the
label for the index term. This algorithm is necessary because simple

10https://spacy.io/
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Figure 1: Outline of the implemented approach

textual search is not enough to detect the different variants of index
terms in a book. For example, a textual search will fail to find the
"Bernoulli distribution" index term in the sentence "Bernoulli and
binomial distributions," but our algorithm will be able to detect such
an occurrence.

3.1.3 Glossary Creation. The last task of this step is to create a
glossary from index terms of a textbook. Such a glossary contains
for each index term the main label and a set of alternative labels. If
the term recognition algorithm described above confirms a label
for a term, it will use it as the main label without alternatives. For
terms without an identified label, the main label corresponds to the
name as it appears in the index section (read from top to bottom
and from left to right) and the alternative labels correspond to all
possible label permutations. This glossary is used in the next step
of the linking process of the textbook with DBpedia.

3.2 Linking Terms To DBpedia
In this step, the terms from the constructed glossary are linked to
DBpedia resources. Finding the right resource for a term involves
querying DBpedia and constructing a list of possible candidates, and
then using a disambiguation algorithm to choose the best match.
Initially, the algorithm selects from the glossary a core set of terms
that only have one possible matching resource in DBpedia. Then,
the algorithm continues with the terms that havemultiple candidate
resources. Our disambiguation strategy computes cosine similarity
between the extended abstracts of candidate DBpedia entities and
the provided context text to find the corresponding resource from
the list of candidates. If no initial context information is provided,
the abstracts in DBpedia from the resources in the core set are used
as context. This step has three tasks.

3.2.1 Core Set Construction. An initial core set of terms includes
the terms from the glossary for which only a single DBpedia re-
source has been found, which is unambiguously the right resource
for the term. The resources are found with the help of DBpedia
categories. Categories11 correspond to a special type of resources
in DBpedia used to classify and group together resources on similar
subjects. They are ordered in a broad and non-strict hierarchy (i.e.,
sub-categories can have multiple super-categories). We claim that

11https://en.wikipedia.org/wiki/Help:Category, https://wiki.dbpedia.org/services-
resources/datasets/dbpedia-datasets#h434-7

if a term has only one possible candidate resource in DBpedia and
that resource belongs to a (sub-)category that is a part of the target
DBPedia domain, it is safe to unambiguously link this term to this
resource.

Inspired by Mirizzi et al. [34], and Slabbekoorn, Hollink, &
Houben [39], our algorithm uses the main DBpedia domain cate-
gory given as input to find a set of (sub-)categories that belong to
the domain of the glossary. Using the skos:broader property12
it is possible to query DBpedia and get all categories correspond-
ing to a domain. For example, 13 subcategories one level down in
the hierarchy are obtained when querying the dbc:Statistics cat-
egory. They include dbc:Statistical_models, dbc:Applied_statistics,
dbc:Statistical_theory, and dbc:Sampling_(statistics). This process
can be done recursively to extract categories from increasingly
deeper sub-levels of the hierarchy. As the number of categories
increases exponentially, the chance to select marginally relevant
or even irrelevant resources for the core set increases fast. After
running several experiments, the number of recursive levels has
been set to three.

After the set of in-domain categories has been constructed, the
algorithm takes the glossary and checks for each term if it be-
longs to the core set. For each term, the algorithm queries DBpedia
to get the corresponding resource. Then, the redirect properties
(dbo:wikiPageRedirects), if any, are followed. Redirects are used
in DBpedia to indicate the final URI of a resource and include syn-
onyms, common misspellings, and acronyms. For example, the re-
source dbr:Gaussian_distribution is redirected to
dbr:Normal_distribution. After that, the algorithm retrieves the
categories of the resource using the dct:subject property and
checks if any of them belongs to the set of domain categories.
The resource is discarded if none of its categories belongs to the
domain. Finally, to ensure that there are no other possible re-
sources for the term, the dbo:wikiPageDisambiguates property
is used. This property groups different resources that have the
same or similar names. A term can have other possible resources
if one of two possible cases happens. Case 1 is when the found
resource has the dbo:wikiPageDisambiguates property. For ex-
ample, the dbr:Distribution resource links to 33 resources using
the dbo:wikiPageDisambiguates property. Case 2 is when the

12The list of the namespace prefixes used in this paper can be found at https://dbpedia.
org/sparql?help=nsdecl
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resource does not have the dbo:wikiPageDisambiguates prop-
erty, but it is listed with other entities in a page that uses the
dbo:wikiPageDisambiguates property. For example, the dbr: Me-
dian_lethal_dose resource appears in the dbr:MLD resource through
the mentioned property. If none of the two cases occurs, the term
is linked to the resource and it is added to the core set.

At the end of this task, if no domain context information was
supplied as input, it is constructed. For each term in the core set, the
abstract of the linked resource is retrieved using the dbo:abstract
property. The concatenation of all the abstracts forms the context
information for the glossary.

3.2.2 Candidates List Construction. After the core set has been
created, the remaining terms in the glossary still need to be linked
to resources in DBpedia. The linking process starts by constructing
for each term a candidates list of resources. Similarly to the core
set construction, for each term the algorithm queries DBpedia and
resolves any redirects to get a matching resource. Then, using the
two cases for the dbo:wikiPageDisambiguates property, as in the
previous task, the candidates are identified. In case 1, if the resource
has the dbo:wikiPageDisambiguates property, the candidates are
all the other resources that the property is linking to. If case 1 does
not apply, case 2 is checked. If the resource appears in a group
with other resources using the disambiguate property, all the re-
sources in that group are taken as the candidates. If none of the
two cases occurs, there is only one candidate resource for the term.
One example of case 2 is the term "mean". DBpedia returns the
dbr:Mean resource when querying the term. This resource does not
have the dbo:wikiPageDisambiguates property, but it appears in
a group with other resources in the dbr:Mean_(disambiguation) re-
source using the dbo:wikiPageDisambiguates property13. Figure
2 shows the candidates list for the term "mean" after resolving the
disambiguation property.

Figure 2: Candidates list for the term "mean"

When each resource candidate is added to the list, its context
information is retrieved, to be used in the disambiguation process.
Since our disambiguation algorithm uses cosine similarity, the pri-
mary context information for a resource is its abstract, which is
obtained using the dbo:abstract property of the resource. Ad-
ditionally, based on other approaches [32, 37] that gather context
information such as all paragraphs mentioning a candidate resource
in Wikipedia or the titles of other resources that link to the candi-
date, the algorithm expands the abstract of the candidate by adding
the abstract of all other resources where its Wikipedia page links to
13http://dbpedia.org/resource/Mean_(disambiguation)

the page of the candidate. We assume that the candidate resources
that belong to the same domain as the term will get abstracts also
from other resources in the domain, and this will boost the candi-
date when applying cosine similarity.

3.2.3 Resource Disambiguation. The final task of this step is to
apply a disambiguation strategy to choose the best resource in each
candidates list. The disambiguation algorithm receives the glossary,
candidates list for each term, DBpedia domain category, domain
context information, and a threshold. The basic instruction of the al-
gorithm is to compare the extended abstract of each candidate with
the domain context information using a similarity function based
on cosine similarity, and to select for the term the resource with
the highest similarity score that surpasses the minimum threshold.
The selection of the resources is done in an incremental manner to
first select the resources that are more likely to be the right match.

The similarity function computes a similarity score for each
candidate resource of a term. First, the standard cosine similar-
ity between the extended abstract of one resource and the do-
main context information is obtained. Then, the cosine similar-
ity value is modified depending on the names of the candidates
and the term. Sometimes candidates for a term are closely re-
lated and depending on the extended abstract for each of them,
the wrong one can be chosen. To take into account this scenario,
two rules are applied. First, if one of the candidates has the same
name as the term, the candidate is in the same domain as the glos-
sary, and the cosine similarity value is higher than the threshold,
the candidate gets a similarity score of 1. To detect the main do-
main of the candidate, the algorithm uses the fact that some re-
sources have explicitly encoded the domain for which they belong
in the URI. For example, when querying the candidates for the
term Method of moments for the "statistics" domain, two candi-
date resources are retrieved: dbr:Method_of_moments_(statistics)
and dbr:Method_of_moments_(probability_theory). In our example,
the dbr:Method_of_moments_(statistics) resource gets a similarity
value of 1. The second rule is that if only one of the candidates
has the same name as the term, that resource does not have its
domain in the URI, and its cosine value is higher than the threshold,
the candidate gets a similarity score using the following formula:
0.9 + (cosine_similarity/10). The formula seeks to increment the
chances of the candidate to be chosen, taking into account the
obtained cosine similarity value.

Using the similarity function, the algorithm chooses the right
resources from the candidates in an incremental process. First,
the algorithm goes through the list of candidates of each term,
computes their similarity scores and selects only the candidates
with a similarity score of 1. Then, it adds the extended abstracts of
the chosen resources to the domain context information. After that,
the cycle starts again, but now the minimum similarity score for a
candidate to be selected is 0.9. The process continues decreasing the
minimum similarity score by 0.1 each time until the given threshold
is reached. The idea behind our strategy is that by first selecting
the resources that get a higher similarity score, the algorithm can
expand the domain context information with the extended abstracts
from the selected resources, which in turn will help in the next
cycles of the algorithm to distinguish the candidates that belong
to the same domain from the rest and select the right resource for
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each term. At the end of this task, the terms from the glossary with
an identified matching DBpedia resource are linked together in our
model.

3.3 Enrichment With Semantic Information
The final step of the process is to use the discovered DBpedia re-
sources to extract other semantic information and enrich the terms
from the glossary. The enriched glossary can be seen as a rich
domain model that contains representative concepts in a domain.

3.3.1 Abstracts Enrichment. Each linked term is enriched with the
abstract from its matching DBpedia resource. The abstract from the
resources are retrieved querying DBpedia for the dbo:abstract
property of the resources. Abstracts bring summarized definitions
for the index terms of the textbooks.

3.3.2 Wikipedia Links Enrichment. TheWikipedia pages fromwhere
the informationwas extracted to create the resources in DBpedia are
used to further enrich the terms. Those links are retrieved using the
foaf:primaryTopic property of the resources. This enrichment
allows to quickly redirect a user who is navigating the domain
model to the corresponding Wikipedia page of the concepts (index
terms).

3.3.3 Categories Enrichment. DBpedia categories for each linked
resource are retrieved using the dct:subject property and as-
signed to linked terms. Adding categories to the terms will allow to
have more information to create relations between the terms of the
glossary. For example, the categories can be used to create clusters
of terms that are related or to find specific pages of textbooks that
have concepts in the same category.

3.3.4 Term Relations Enrichment. Finally, we exploit the informa-
tion about linked Wikipedia pages stored in DBpedia to discover
relations among the terms in the glossary. The general idea is
that if two resources in DBpedia are linked together the corre-
sponding terms in the glossary are also related. For each term
with a linked resource, the algorithm queries DBpedia using the
dbo:wikiPageWikiLink property to retrieve all other entities that
the current resource links to in its corresponding Wikipedia page.
Then, for each retrieved resource the algorithm looks in the glos-
sary to find if that resource is linked to a term and if that is the
case, a relation is created between the two terms. For example, the
term "mean" is linked to the resource dbr:Mean, which links to 87
resources. One of those resources is dbr:Mode_(statistics). If in the
glossary the term "mode" is linked to dbr:Mode_(statistics), then a
relation between "mean" and "mode" is created.

For the moment we only specify that two terms are related in a
general manner without detailing the type of relationship. In the
future we plan to exploit both the hierarchical structure of index
terms and the content in textbooks to be able to discover subtopic
hierarchies [4] and more specific relations (e.g., is-a relations) [26].

4 EVALUATION
We conducted three evaluations of our approach. In the first and
second evaluation, we tested the quality of the first two steps of
the approach to see whether the terms are linked to the correct
resources in DBpedia. For the last evaluation, we were interested

to examine how adding more textbooks would affect the ability of
the approach to connect DBpedia resources from a target domain.
All the evaluations were conducted using a local copy of the latest
dump of DBpedia (version 2016-1014).

4.1 Step One: Precision of Term Recognition
Our goal for this evaluation was to find out how many of the
index terms extracted from the textbooks are recognized in the
pages of the textbooks using our term recognition algorithm. In this
evaluation, we compared the number of recognized index terms
and reference pages from our algorithm against a baseline. We
hypothesized that the use of Part-of-speech tagging to recognize the
nouns in the index terms would increase the number of recognized
index terms in the pages of the textbook in comparison of textual
search.

For this evaluation we used three textbooks. The first two in the
statistics domain: STAT#1 [9], and STAT#2 [44]. The third book is
for information retrieval: IR#1 [29].

4.1.1 Procedure. First, for each of the textbooks, the index terms
and the reference pages were extracted. Index terms are the names
of each index entry, and the reference pages are the pages in the
textbooks annotated with an index term; these reference pages
appear in the form of page numbers next to the index terms in the
index section. Then, we applied to the index terms and reference
pages our term recognition algorithm (TRA) and a baseline strategy
for comparison. The baseline (BL) tried all possible labels of each
index term (see section 3.1.2) using simple textual search to find
the index term in the reference pages.

4.1.2 Results. Results are presented in Table 1. We report the per-
centage of index terms where the label (the right reading order) is
recognized in at least one reference page (% of recognized index
terms) and the percentage of reference pages where the index term
is recognized (% of recognized reference pages).

Results show that the performance of our term recognition al-
gorithm is more effective than the baseline in both index term and
reference page recognition. In the STAT#1 textbook the term recog-
nition algorithm increases in 14.1 % the number of recognized index
terms and in 34 % the number of pages where the index terms are
recognized to the total number. The algorithm achieves the smallest
increases in the IR#1 textbook, 4.5 % and 7.8 % respectively.

Our algorithm can effectively detect index terms that appear
fragmented in the text pages (see the "Bernoulli" example in section
3.1.2), but its performance decreases recognizing terms written
using synonyms in the pages. For example, in STAT#1, the term
"Agresti-Coull method" appears as "agresti-coull interval" in its
reference page. Another case where our algorithm cannot recognize
the index terms is when variants of proper names are used. For
example, the term "Billingsley, P." appears only as "Billingsley." Also,
it could happen that an index term does not appear in one of its
reference pages; the reference is only used to indicate that the topic
of that page is related to the index term. We plan to add an external
model (e.g., a dictionary) to deal with synonyms, and increase the
flexibility of the algorithm to recognize variants of proper names.

14https://wiki.dbpedia.org/downloads-2016-10
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Table 1: Evaluation results for the term recognition algorithm

Textbook
# of index
terms

# of reference
pages

% of recognized
index terms

BL

% of recognized
reference pages

BL

% of recognized
index terms

TRA

% of recognized
reference pages

TRA

STAT#1 539 775 53.9 49.1 68.0 83.1
STAT#2 591 942 82.0 79.2 93.2 90.1

IR#1 624 793 84.7 83.1 89.2 90.9

4.2 Step Two: Precision of Linking
In this second evaluation, the goal was to find out if the index
terms with candidate resources in DBpedia are linked to the right
resources. For this evaluation, we compared the number of correctly
selected resources using our approach against two baselines. We
believed that the construction of a core set of resources, and the
use of the context information extracted from the resources in that
set will perform better at disambiguating and choosing the right
resource for each term than approaches that do not use context
information.

4.2.1 Procedure. To validate our hypothesis, we tested the pre-
cision and accuracy of the second step, the linking of the index
terms to DBpedia, using the same three books from the previous
evaluation (STAT#1, STAT#2, and IR#1). For STAT#1 and STAT#2,
we ran our approach given as input the dbc:Statistics category to
indicate the domain of the textbooks. For IR#1, the given category
was dbc:Information_retrieval. In none of the three cases was do-
main context information given; instead, it was extracted using the
created core set. After the "Core Set Construction" and "Candidates
List Construction" tasks, there were 43 terms in the core set for
STAT#1, 45 for STAT#2, and 39 for IR#1. The number of terms with
candidates lists were 129 for STAT#1, 121 for STAT#2, and 291 for
IR#1.

For the resource disambiguation task, we used our algorithm and
two baselines that do not use context information for disambigua-
tion. Based on Mendes et al. [32], we used the following baselines:

• Random Baseline (BL1) selected randomly one of the re-
sources in the candidates list as the right resource. This
baseline will show if our algorithm selects the right resource
better than chance.

• Default Sense Baseline (BL2) selected the resource in the candi-
dates list which is the most referenced resource in Wikipedia
from other pages. This baseline will show the impact of using
a specific domain for disambiguation in contrast to choosing
just the most used resource in the candidates list.

For precision we used the number of correctly selected re-
sources from the candidates lists divided by the number of selected
resources from the candidates lists. Recall was computed dividing
the number of correctly selected resources by the number of rele-
vant resources. For evaluating the selected resources, we manually
marked from each of the candidates lists the right resource. The
total number of relevant items correspond to the number of terms
that belong to the domain of the textbook and had a matching re-
source in their candidates lists. Since our algorithm uses a minimum

threshold for selecting a candidate as the right resource, we also
tested which value would give the best results.

4.2.2 Results. Figures 3, 4, and 5 show for each textbook the pre-
cision and recall of our algorithm using different thresholds, and
the precision and recall using the two baselines. The values for the
baselines are constant since they are not affected by a threshold.

Figure 3: Precision and recall for the linking evaluation of
STAT#1 textbook

The performance of the random baseline is the lowest of the
three strategies, which confirms that a disambiguation algorithm
is needed since chance does not yield good results. The default
sense baseline performs better for the two statistics books with a
precision and recall up to 0.5. For the information retrieval book,
the second baseline achieves a recall of 0.62. Nevertheless, our al-
gorithm obtains the best results. The use of context information
achieves better disambiguation than just selecting the most used
resources because the terms of the glossary belong to the same
domain, and our algorithm exploits this characteristic by construct-
ing the core set of resources. For the statistics books, precision and
recall are balanced when the minimum threshold is set anywhere
between 0.3 and 0.6. For the information retrieval book, the values
0.4 and 0.5 for the threshold get the best balance for precision and
recall. By manipulating the threshold value, we can favor precision
or recall depending on the final use of the algorithm. In most use
cases, we prefer higher precision (given a reasonable recall) to mini-
mize the number of errors in the model. In general, as the threshold
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Figure 4: Precision and recall for the linking evaluation of
STAT#2 textbook

Figure 5: Precision and recall for the linking evaluation of
IR#1 textbook

decreases and gets closer to 0, the algorithm selects not only incor-
rect resources, but also irrelevant ones; they do not belong to any
of the related domains of the textbooks.

We also carried out three evaluations given specific context in-
formation and not using the one constructed from the core set. The
context information was obtained using the textbooks. First, for
each index term, we extracted the sentences in which the term
appears. All the sentences concatenated were given as the con-
text information. Also, other context information was created by
extracting the paragraph, instead of just the sentence, where the
index terms appear in the textbooks. The results obtained using the
context information from the core set and the context information
from the sentences and paragraphs of the textbooks are compara-
ble. The mean absolute error for the precision fluctuates from 0.015
to 0.033 depending on the threshold and the context, and for the
recall the mean absolute error fluctuates from 0.022 to 0.156. These
evaluations show that the context information extracted from the

core set is as useful for the disambiguation algorithm as the context
directly taken from the textbooks.

4.3 Discovery of Resources
The goal of the final evaluation experiment was to determine the
effect of adding more textbooks in the glossary construction task
and test howmany resources the approachwill find in DBpedia for a
target domain. In this evaluation, we used a ground truth of DBpedia
resources in the statistics domain to quantify the resources in the
domain that can be discovered. We believed that by integrating
glossaries from multiple textbooks in the same domain we can
build a consolidated model providing a more complete and objective
representation of the domain knowledge. In more practical terms,
with every new textbook integrated, the consolidated model should
better approximate the ideal model, which is for us the subset of
DBpedia resources that belong to the same domain as the textbooks.

4.3.1 Procedure. To test our hypothesis, we used nine introductory
statistics textbooks [8, 9, 11, 13, 16, 23, 28, 41, 44]. We wanted to
find out how many of the linked resources belong to the statistics
domain, and compared that to the total number of resources that
belong to the domain. For this evaluation, we defined precision
as the number of linked resources that belong to the domain
divided by the number of linked resources. The recall was the
number of linked resources that belong to the domain divided
by the total number of resources in DBpedia that belong to
the domain. To determine the actual resources in DBpedia that
belong to the statistics domain we constructed a ground truth using
the ISI Multilingual Glossary of Statistical Terms15. The ISI Glossary
translates more than 3500 statistical terms into 31 languages. It was
created by The International Statistical Institute which recognized
the need for an affordable multilingual glossary of statistical terms.
We used our approach to link the terms from the comprehensive
ISI Glossary to DBpedia resources, and after manually checking the
obtained linked terms, we got a ground truth of 1042 resources in
the statistics domain.

Figure 6: Precision and recall for resource discovery using
one textbook (averaged over nine books)

15http://isi.cbs.nl/glossary/

Session 1: 30 Years and Infrastructures HT ’19, September 17–20, 2019, Hof, Germany

16

http://isi.cbs.nl/glossary/


Figure 7: Precision and recall for resource discovery using
four textbooks (averaged over two sets of four books)

Figure 8: Precision and recall for resource discovery using
nine textbooks

4.3.2 Results. We evaluated three configurations using the nine
textbooks. Figure 6 presents the results for resource discovery us-
ing individual textbooks; the results are averaged across all nine
textbooks to account for potential differences between them. Fig-
ure 7 shows the average discovery of resources of two sets of four
textbooks each. Finally, figure 8 shows the discovery of resources
when using all of the nine textbooks combined. When using just
one textbook for the construction of the glossary, the average preci-
sion varies from a maximum of 0.958 to a minimum of 0.828, while
the average recall grows from 0.074 to 0.136 (figure 6). The recall
is rather low, as a single textbook provides a limited number of
index terms (average of 424) of which only a portion has candidate
resources in DBpedia (average of 177). The second configuration of
four textbooks in two sets has an average of 1626 index terms and an
average of 402 index terms with candidates in DBpedia. As shown
in figure 7, as the number of terms increases, the recall goes up,
reaching up to 0.272, but the precision goes down to the minimum
value of 0.753. The final configuration (figure 8) which includes

nine textbooks and 3328 terms (762 with candidate resources) gets
a recall of almost 0.5, which means that nearly half of the possible
resources in the domain where identified. In all of the three cases,
the reduction of the precision as the recalls increments is explained
by the fact that the index sections of the books contain terms that
are not only related to statistics but also to other domains like
probability and general mathematics. For example, the resources
dbr:Slope, dbr:Law_(stochastic_processes), and dbr:Logarithmic_scale
are linked to terms in the configurations, but those resources do
not correspond to terms from the ISI glossary; therefore, they are
not part of the ground truth. Filtering linked resources that do not
belong to the domain could be accomplished by further exploiting
the categories of the resources or by analyzing the graph structure
of DBpedia to detect resources that do not belong to the cluster
of in-domain resources. The obtained recall values support our
hypothesis that it is possible to discover all resources in a domain
using textbooks as the source of concepts in a domain.

5 CONCLUSIONS AND FUTUREWORK
In this paper, we have looked into textbooks as a ubiquitous, yet
underused source of extractable knowledge models. In particular,
we have focused on indices containing manually selected and cu-
rated structured glossaries of important terms. When extracted and
formally represented these glossaries can become both the back-
bones of knowledge-driven hyper-structures of the textbooks and
the semantic bridges allowing to connect textbooks to one another
and to the Linked Open Data sets and knowledge bases such as
DBpedia.

Experiments evaluating the proposed approach have demon-
strated that even for a single textbook the quality of term recogni-
tion and model linking strongly outperforms the baselines. When
more textbooks from the same domain are added to generate a
composite model, the coverage of model grows significantly. For a
threshold value around 0.6-0.7, the recall reaches almost 50%, while
precision remains as high as 80-90%.

We plan several directions for future work. The overall approach
for textbook model extraction and linking to external models can
be further improved. In particular, it is interesting to explore how
to maintain high accuracy of the composite model when more
and more textbooks are integrated. Some mechanism to enforce
consensus among individual glossaries need to be implemented.
Another direction for our work is to test this approach across multi-
ple domains. We have observed some differences when comparing
Statistics and IR. It would be interesting to discover the limits of
applicability of our approach by trying less formal domains such as
history or art. Generated models provide unique opportunities to
facilitate information access to the content of textbooks or enrich
them with external resources connected to existing open knowl-
edge bases. Exploring practical applications of our approach is an
exciting task as well. Finally, on a grander scale, this line of research
potentially leads towards generation of a global hyperspace of high-
quality educational content, where textbooks from the same and
relevant domains are linked thematically and the models extracted
from these textbooks are built into the global Web of knowledge
enabling new generation of information services.
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