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Abstract. Collaborative interdisciplinary research has the added difficulty, that
researchers from different fields have different backgrounds and employ heter-
ogeneous technical vocabularies. Certain problems could have already been
solved in one field, but the solution is described in such a fashion, that it is dif-
ficult for researchers from another field to understand, yet alone to know the
correct terms to search for. Text categorization (TC) is the act of automatically
placing text into content-based categories. These categories can be interrelated
forming hierarchical taxonomies of knowledge. Different from classic query-
ing-based information retrieval (IR), TC-based IR allows for an exploration of
topics without prior knowledge about them, by inspecting the individual topics
and related documents within the taxonomies. TC also plays a major role in ar-
gumentation mining (AM), the automated extraction of arguments from large
quantities of text. In AM, TC is used to identify argument structures within ana-
lyzed texts. Another potential use for TC in AM is the restriction of data
sources to relevant topics because AM in too-large text corpora can be prohibi-
tively time consuming. As mankind’s knowledge constantly expands it is logi-
cal to conclude, that the taxonomies organizing this knowledge must expand as
well. We propose a method to aid in extending existing topic taxonomies by us-
ing word embeddings. These extended topic taxonomies can then be used in the
categorization of texts, and to filter argument-extraction sources. We additional-
ly outline an alternative usage of these techniques in argumentation mining.

Keywords: Taxonomies, word embedding, text categorization

1 Introduction and Motivation

The main goal of argumentation mining (AM) is to automatically extract arguments
from generic texts to provide structured data for computational models of argument
and reasoning engines. To accomplish this goal, argumentation models are used. The-
se models form parts of individual arguments (Lippi and Torroni, 2016). According to
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Habernal and Gurevych (2015), the prevailing model of arguments in AM is that of a
discourse structure consisting of several argument components, such as premises and
claims. Text categorization (TC) is the act of automatically assigning texts of arbitrary
length to a predefined set of categories (Sebastiani, 2002). When modeling sentences
within the mined text corpora as texts and argument components—using, for example,
premises and claims as categories—TC is the foundation for a plethora of AM sys-
tems (Mochales and Moens, 2011; Feng and Hirst, 2011; Rooney et al., 2012; Stab
and Gurevych, 2014).

Text
Collection

Arguments

Fig. 1: Information retrieval (IR) before argumentation mining (AM).

ArgumenText is a practical implementation of an AM engine (Stab et al., 2018). It
employs a two-step mechanism in which a large collection of documents
(http://commoncrawl.org/, in Stab et al.’s experiment with 683 GiB) is first indexed
into an information retrieval (IR) engine. The user can then query the engine using
search terms. The resulting subset of documents is subsequently mined for arguments
(see Figure 1). This is done in order to reduce computation time because AM on this
scale takes too much time with access only to ordinary hardware. In order to query the
engine, the user must know the exact search terms to be used.

Having a taxonomy of topics could allow the browsing of different facets of topics
without prior knowledge about their exact structure and common sub-topics. This
way, TC could be used as an alternative to the regular querying-based IR engine,
allowing browsing-based topic exploration. Such taxonomies also directly benefit
collaborative interdisciplinary research. Our research originates from the RecomRatio
project. The goal of RecomRatio is to provide medical professionals with treatment
recommendations that were extracted from current medical literature, arguments for
or against these treatments, and the analyzed medical literature itself. Therefore our
experiments have a strong medical focus. Before TC can be performed, one needs a
set of categories, C. This is obviously given for argument structures but could be lack-
ing when one models a topic taxonomy for exploration. The aim of our work is to
help in the creation of such a topic taxonomy by suggesting extensions to an existing
proto-taxonomy (see Figure 2). Because TC usually works in a supervised-learning
fashion, one also requires example text-to-category assignments. This need has been
remediated in newer unsupervised TC techniques (Dai et al., 2017; Eljasik-Swoboda
et al., 2018). These techniques are based on word embeddings (see section 2). Follow-
ing Dai et al.’s and Eljasik-Swoboda et al.’s examples, we propose a method to sug-
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gest taxonomy extensions for existing topic taxonomies using unsupervised machine
learning while processing no data other than a large collection of example texts and
an existing initial topic taxonomy. Given natural language texts about the topic and an
initial proto-taxonomy as input, our system will then suggest sub-topics for a given
topic in this taxonomy. For example, when analyzing texts about melanoma, the sys-
tem will suggest sub-topics for melanoma in a taxonomy tree that models different
diseases. This example taxonomy could model cancer as a family of diseases and
have melanoma as a sub-category of cancer.

Fig. 2: Topic taxonomy extension.

Even though plenty of resources are available for the medical domain, we limit
ourselves to this because these resources might not be available for emerging cutting-
edge topics, as medical researchers are likely to first describe them using natural lan-
guage before making them machine readable in any fashion or agreeing upon their
technical vocabulary definitions (Nawroth et al., 2018). This makes our approach
transferable to any natural language and uniquely suited for emerging knowledge
domains because, during the adoption phase of TC for any application, additional—
especially manually compiled—information resources are difficult to obtain. Our
contribution is two-fold. First, we propose a novel unsupervised method to help in the
introduction of TC as an IR method for AM or any other application by proposing
new categories. Second, we analyze and discuss what influences the effectiveness of
our system—such as, for example, the utilized word embedding algorithm.

2 State of the Art and Related Work

In order to model any topic relationships, one needs a way to model the semantics of
individual terms. Ontologies are manually created encodings of semantics. They are
commonly used in all types of natural language processing applications. Given the
high amount of work put into developing ontologies, the ontologies are very precise
in capturing the semantic understanding of their creators (Busse et al., 2015). Their
drawback is that they need to be manually created. Blei et.al (2003) proposed another
fundamental approach to capturing semantics for words. Their latent dirichlet alloca-
tion (LDA) statistically splits documents into topic distributions and divides topics
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into term distributions. Each term is assigned a topic vector that comprises its proba-
bility of being part of each topic. LDA is also referred to as topic modeling. Here,
terms are regarded as similar if they occur in the same document. Camiiia (2010)
described multiple methods to generate taxonomies based on term similarities in LDA
topic distributions. The same is true for Kashyap et al.’s TaxaMiner experimentation
framework for automated taxonomy bootstrapping. Even though these methods are
appealing, we pursuit a different goal in trying to extend an existing proto-taxonomy
instead of starting from scratch.

Another intriguing approach lies in word embeddings. These are unsupervised
learning methods that can capture semantic relatedness by analyzing large texts or
concatenations of multiple smaller texts. Word2Vec is a prominent implementation of
word embeddings that Mikolov et al. (2013) developed. Word2Vec consists of two
algorithms, continuous bag of words (CBOW) and skip-gram. Both produce high-
dimensional coordinates for every word and operate by optimizing the cosine similari-
ty between each word. In CBOW, the similarity of terms that are surrounded by the
same context terms is maximized. In skip-gram, the similarity of the context terms
surrounding the same central terms is optimized. Words are considered to surround a
term if they are in a context window of n words before or after the term. Using this
pattern, semantic relatedness becomes encoded by similar offsets that capture multiple
dimensions of meaning. To the best of our knowledge, this has not been observed in
LDA-based term vectors. A reason for that can be the higher granularity of word em-
beddings regarding what terms are in the other words’ contexts.

Habernal and Gurevych (2015) utilized this in the context of AM by creating clus-
ters of terms commonly used in arguments in order to support the annotation of argu-
ments within text. Fu et al. (2014) also used word embeddings to extract hyper-
nym/hyponym relationships between terms in order to create an ontology. Their ex-
periments suggest that a simple hypernym/hyponym vector offset does not exist; ra-
ther, one offset exists per class of terms. For example:

v(shrimp) - v(prawn) = v(fish) - v(goldfish) and v(laborer) - v(carpenter) = v(actor)
- v(clown) but v(laborer) - v(carpenter) # v(fish) - v(goldfish).

Our objective is similar to that of Fu et al. (2014). Instead of extracting hyper-
nym/hyponym relationships between terms, we attempt to extend topic taxonomies
with sub-categories. These sub-categories are not necessarily hyponyms, as they
could also cover certain aspects of their parent categories. As we limit ourselves to
only the existing text and initial taxonomies, word embeddings are an optimal founda-
tion for our method. As previously mentioned, our topical focus is in the medical
domain. A cornerstone of medical literature is PubMed, the National Institutes of
Health’s U.S. National Library of Medicine database (U.S. National Library of Medi-
cine, 1996). PubMed includes a querying-based search engine and abstracts for most
indexed articles. The articles themselves are stored elsewhere, with their references
and DOIs available in PubMed. Additionally, articles are annotated with Medical
Subject Headings (MeSH) (U.S. National Library of Medicine, 1999). MeSH is up-
dated annually, currently defines 28,378 medical topics, and organizes these topics
58,025 times in 16 topical taxonomies such as anatomy and diseases. In these taxon-
omies, every topic has one or multiple paths from the taxonomy root to its entry. Even
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though these taxonomies form directed acyclic graphs (DAGs), some topics are listed
multiple times in the same taxonomy.

Kaufmann et al. (2017) created the big-data management canvas (BMDC). The
fundamental insight is that the aim of any big-data project is the effectuation: the
creation of a benefit through the analysis of big amounts of data. The same is true for
any data- or text-mining endeavor. In order to not lose sight of this, the BDMC plan-
ning method splits endeavors into five main fields of activities. These fields form a
loop of activities going from the datafication (which is the capturing of data for later
analysis) to the said effectuation. These are further split into a business aspect and a
technology aspect. The business aspect describes and plans what should be done
whereas the technology aspect describes and plans how it should be implemented. We
used this method during the planning and modeling of our system.

3 Model and Implementation

As mentioned, we organized this research using the BDMC that Kaufmann et al.
(2017) proposed. The following sub-sections reflect the BDMC’s fields of activity.
This illustrates the workflow we propose for the extension of topic taxonomies. We
named our system Taxonomy Extension system for Emerging Knowledge (TEEK), as
its primary task is to capture emerging topics for usage in TC. We used the BDMC to
structure the creation of our prototype as well as the performed evaluation experi-
ments.

3.1 Datafication

The BDMC defines datafication as the act of transforming real-world events and
properties into usable data. It also closes the loop to the effectuation, as every effectu-
ation influences the world we live in and hence creates new data to capture. In our
envisioned application, the relevance feedback provided by the domain experts curat-
ing the taxonomy is the datafication of this endeavor. If a domain expert agrees with
the system and adds a category to the system, the available taxonomy changes. The
datafication of our experiments is performed with the evaluation of the proposed cat-
egories as described in section 3.4.

3.2  Data Integration

The BDMC field of data integration describes which data is used, how it is obtained,
and how it is centrally managed and stored. As mentioned before, our system works
on taxonomies and text files about a given knowledge domain. We performed exper-
iments for the medical terms neoplasms (cancers/tumors), melanoma, leukemia, Her-
pesviridae, and Simplexvirus. Each of these terms has one or multiple entries in a
MeSH taxonomy. Melanoma, leukemia, and neoplasms are part of the diseases taxon-
omy whereas Simplexvirus and Herpesviridae are part of the anatomy taxonomy.
Simplexvirus is a descendant of Herpesviridae whereas melanoma and leukemia are
descendants of neoplasms within MeSH.
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The finished system will have access to a multitude of documents from which it
can learn the relationships between terms in order to propose new topics. For our
prototype, we simulate this using PubMed. We queried PubMed for each of the
above-mentioned terms and used the export-to-XML function in order to download all
metadata and abstracts for a given topic. Word2Vec requires lowercase texts without
special characters. Because the resulting XML files were up to 31.01 GiB in size (ne-
oplasms), we implemented a buffered XML parser in Java that extracts the abstracts
from all articles in the individual result sets and stores them into simple text files,
removing all special characters. For easy integration in multiple applications, we
packaged the original C implementation of Word2Vec
(https://github.com/tmikolov/word2vec), into a Docker container, which we used to
run CBOW and skip-gram on these extracted text files. This means that we have two
word embedding files for each PubMed search term to experiment on. We parameter-
ized them to have 200 dimensions and use a five-word (before and after) context win-
dow.

3.3  Data Analytics

The data analytics field describes how the available data is analyzed. As previously
stated, the available data is a set of word embeddings and an initial taxonomy. Every
taxonomy—T = {C, E, L}—has a set of categories—C—and a set of labels for each
category, L. Additionally, the set of edges, E, between the categories form a DAG
with r € C at its root. The labels consist of one or multiple words.

Fig. 3: Path from root to category c.

Word embeddings are high-dimensional vectors for all terms that the algorithm en-
counters during training. We denote them as v(word). This way, a word embedding vec-
tor can represent every category with single-word labels. If the label of one category
consists of multiple words, we compute its vector representation by calculating the
arithmetic mean of all the individual word vectors. Because 7 forms a DAG, every
¢ € C has a path i, ..., i,,, where i, = r and i,, = c¢. With the word embeddings, every
node has a representation in vector space. The rest of the taxonomy is ignored (see Fig-
ure 3).
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The task of suggesting new sub-categories for ¢ is essentially that of extending the
path to iy, ..., iy, ip41. Our approach for TEEK is to compute the most-likely next cate-
gory label vector by using the information provided by the existing path i, ..., i,. Once
this vector is computed, the 10 closest terms to this next vector in word embedding
space are calculated using cosine similarity. It is noteworthy that the closest term in all
our experiments is the label of c. The system therefore creates nine suggestions per
category.

N
N (0,+0,)/2
4

izzc 4

)

Fig. 4: AVSP and RVSP illustration and comparison.

We experimented with two possible variations for this task. The first variation begins
with the computation of the offsets between individual categories on the path:
0j = v(ij) — v(ij-1). In the next step, it adds the average offset between all categories
on the path to the vector of i,;:

(ine1) = v(in) + 2} 0; (1)

This equation essentially adds the arithmetic mean of the individual offsets to the last
vector. We therefore refer to it as arithmetic vector-stream predictor (AVSP). Figure 4
portrays this approach in an example two-dimensional word embedding space.

The second variation applies linear regression to the problem of finding the hyper-
plane closest to all v(i). Using the following equations, this hyperplane is expressed as
function of path index j:

_ 2+
@
_ 1 .
v = ;Z?:o v(i;) 3)
_ XioU-Dx(ij)-v)
b= 2Teo(-1)? @

This way, the next word embedding vector is found through the following equation:

V(ip4) =a+bx(n+1) (6)
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Because this is standard linear regression applied to vectors instead of scalars, we
named our second approach regression vector-stream predictor (RVSP). Figure 4 por-
trays this using two-dimensional word embedding spaces. The word embedding space is
shown for each term with the distance from the root of the taxonomy forming an addi-
tional dimension. The dark-red spheres represent the individual categories, the planes
symbolize the word embeddings that the categories are in, and the line represents the
hyperplane closest to all these points. The white sphere represents the suggested catego-
ries, as it extends the taxonomy-depth dimension by one.

Our prototype implements these two methods in Java after reading word embed-
dings as text files and the taxonomy as an XML file from the file system. Both ap-
proaches essentially create a direction in the word embedding space that reflects the
direction of the path from the taxonomy root to the individual topic category. This
captures Fu et al.’s (2014) finding regarding the lack of a common hyponymy direc-
tion between different classes of terms. Here we use the available information provid-
ed by the taxonomy structure to discern different dimensions appropriate for each
topic category.

34 Data Interaction and Data Effectuation

The data interaction field describes how users interact with the data in order to benefit
from the data effectuation. In our case, a domain expert can review the category sug-
gestions before accepting them for usage in the topic taxonomy. After a suggested
topic is accepted, a TC algorithm can assign content to this category. This review and
acceptance component will be implemented through a Web interface that will show the
user the top nine suggestions to extend for a given taxonomy. This forms a type of rele-
vance feedback for the suggested categories. For our prototype, the results are stored in
a Microsoft Excel file to ease their review and validation by the medical professionals
that support us in this project (see section 3.2). The goal of our proposed system is the
automatic suggestion of additional topic categories in order to extend an existing tax-
onomy. A TC-oriented IR system subsequently uses these categories to allow unin-
formed IR. This uninformed IR can then used to narrow down the source material
used for AM. This narrowing down is crucial for performing AM in a timely fashion.

4 Evaluation and Result Interpretation

The purpose of our evaluation is to discuss the usefulness of suggested sub-categories
for the given topic. Because our method can be parameterized differently, we can
investigate the effect of the selected parameters on the results. As mentioned before,
we use MeSH and PubMed as data sources for our experiments. The assessed topics
are not leafs in MeSH but rather are inner nodes that already have a set of sub-topics
in MeSH. The already existing sub-topics are hidden from our algorithm. This allows
for four types of true positive results for our system: First, suggested sub-categories
that are actual existing sub-categories of the investigated topic and, second, suggested
categories that are not already sub-categories in MeSH but would make sense as sub-
categories according to publically available medical sources. Examples for these find-
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ings are myeloblastic as a sub-class of leukemia and lentiginous melanoma. Myelo-
blastic leukemia and lentiginous melanoma are types of their diseases that have been
described in literature but are not modeled as sub-categories in MeSH. We published
all detailed results including references for potentially meaningful sub-categories at:
https://github.com/SirTobiSwobi/TEEKeval . We regard different spellings of the
category name as correct sub-category suggestions and therefore TP because our sys-
tem correctly interpreted them as types of the category. Our system correctly cap-
tured, that a misspelling of leukemia (like leukeamia) must be some kind of leukemia
because experts wrote about in the same way. We interpret the plural of a category as
fourth type of TP result, because the system correctly captured that sub-categories are
different types of the original category. For example, it recognized, that the sub-
categories of melanoma are (different types of) melanomas. Albeit plural- and differ-
ent spelling results are not directly helpful in extending an existing taxonomy, they
aid in comparing the effectiveness of different parameters and approaches. This al-
lows us to compare which word embedding algorithm and extrapolation method pro-
duce better results. Additional insights can be gained by using different source mate-
rial for the word embeddings. Leukemia and melanoma are descendants of neoplasms.
Therefore, we can compare the performance of word embeddings generated through
the PubMed abstracts to the more specific search term or through the larger amount of
abstracts using the more general search term. The same is true for Herpesviridae and
Simplexvirus.

Although melanoma occurs three times in 2018’s MeSH, all other examined medi-
cal terms have only one entry. This allows another investigation about how the path
length influences the performance of the system. Of these three entries, two entries
are six steps removed from the taxonomy root whereas one entry is only four steps
removed. The effectiveness of IR systems is usually measured in precision and recall
(Sebastiani, 2002). They are not directly applicable because we do not perform infor-
mation retrieval but attempt to extend topic taxonomies. To compare different word
embedding algorithms, source material and path lengths for individual terms, we use a
modified version of precision. Results that are on the path between the root and the
term as well as other relative terms and completely unrelated terms are treated as
False Positive (FP). Because we know the existing proto-taxonomy, results on the
path or other relative terms could be filtered from the result set, so that the system
instead outputs the next closest term in word embedding space. We decide not to do
this for the sake of comparing different parameters. Precision is the ratio between TP
and FP with 1.0 meaning only TP and 0.0 meaning only FP. For the recall measure,
one needs to know all possible correct relevant sub terms, which nobody in our team
did. Therefore, we only measure precision for our system. Table 1 contains the preci-
sion values for all our performed experiments.

Table 1. Experimental results.

Ab- AVSP RVSP
Term Depth stracts CBOW skip-gram CBOW skip-gram
Neoplasms 1 44% 44% 56% 33%
Melanoma 1 6 Low level 11% 11% 0% 0%
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Melanoma 2 6 Low level 11% 11% 0% 0%

Melanoma 3 4 Low level 33% 22% 67% 67%
Melanoma 1 6 High level 44% 56% 33% 33%
Melanoma 2 6 High level 44% 56% 33% 33%
Melanoma 3 4 High level 67% 56% 67% 56%
Leukemia 3 Low level 67% 33% 56% 11%
Leukemia 3 High level 56% 89% 78% 89%
Herpesviridae 3 22% 56% 44% 56%
Simplexvirus 5 Low level 22% 11% 0% 0%

Simplexvirus 5 High level 22% 0% 22% 11%

On average, the AVSP (37%) and the RVSP (35%) performed almost equally as well.
The RVSP found no TP in 6 out of 24 experiments. This only happened to the AVSP
in one experiment. The RVSP is almost on par, because it delivered better results in
other experiments. When comparing the average precision of the CBOW (38%) and
skip-gram (35%) word embedding algorithms, both delivered comparable results no
matter the extrapolation method. Albeit CBOW delivered on average slightly better
results, skip-gram produced the best single result (89%).

Training the word embeddings on larger (high-level) text collections (E.g. Neo-
plasms instead of melanoma) had the biggest impact on performance. Low-level rep-
resentations only yielded an average effectiveness of 22%, providing almost all cases
in which no TP were found, while high-level representations had an average effec-
tiveness of 47%. Metaphorically speaking this means that the more the system
“knows”, the better it is at generating sub-category suggestions. Another influencing
factor is the depth of the investigated term within the taxonomy. With depth 1, the
average precision was 44%, with depth 3 60%, and depth 4 54%. With depth 5, only
11% precision was achieved while depth 6 on average generated 24%. This means
that with a depth>4, less than half the precision that with depth < 4 was achievable.
We see two reasons for this behavior: The deeper a category is in a taxonomy, the
more intermediate steps the system can use for extrapolation of sub-categories. On the
other hand, the more specialized a topic is, the less likely there are many sub-topics.

5 Conclusions and potential AM usage

Our work shows a new way to extend existing topic taxonomies by using no other
information than texts about the knowledge domain and an initial topic taxonomy.
Therefore, domain experts do not need to perform any manual effort besides accept-
ing suggested categories. As initially explained, text categorization using topic taxon-
omies supports uninformed information retrieval in any application and can specifi-
cally be applied for narrowing down documents before AM. To do so, TC systems
require appropriate topic taxonomies. Our prototype aids in creating these taxonomies
with only little labeled data. This directly benefits ArgumenText, RecomRatio, and
other AM systems. Besides this filtering application, another potential utilization for
this approach in AR is the detection of pros and cons for individual terms. To utilize
this system as such, one could construct a taxonomy of topics or simply use an exist-
ing one such as MeSH. Afterward, known pros are manually modeled as sub-
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categories for the topic categories. For each new topic-pro-leaf, the average offset or
regression-based extrapolation vector can be computed. Adding this vector to v(i,,_;)
instead of v(i,,) would allow a user to find other pros for the leaf topic. The same can
be done for cons. Using this technique, potential features for spotting pros and cons
for topics can be extracted. These can then be used in AM TC or by a user to manual-
ly come up with arguments for or against something that are not already written down
in the texts mined for arguments. In addition to describing a new way to extend tax-
onomies, we investigated how different parameters influence the approach. Albeit
CBOW slightly outperforms skip-gram, the latter achieved the best individual results.
Similarly, the AVSP slightly outperformed the RVSP on average. The RVSP however
had many more results without TPs. Upon investigation, we found that it delivered
many terms describing topics on the path from the root to the term in question. As
mentioned, these can easily be filtered in future works. The strongest influence on
performance comes from the texts that the word embeddings are based on. The more
text about more general topics is analyzed, the better the system performs. This means
that the hypothetical best results would come from word embeddings that are generat-
ed through the use of all abstracts on PubMed. Due to resource constraints, we were
not able to practically test this. The taxonomy depth of the extended category also
plays an ambiguous role: The further the category is removed from the root, the more
intermediate steps can be used in the analysis. However, the more specific a topic is,
the less likely it is to have more sub-topics.
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