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Term Extraction for Domain Modeling

Theresa Kruse ©®!, Dominic Lohr 2, Marc Berges 2, Michael Kohlhase 1, Halimeh
Moghbelil, and Marcel Schiitz ®!

Abstract: Adaptive learning systems need to use domain and learner models to provide meaningful
support for learners. Building fine-grained domain models by hand is very time-consuming, so the
demand for partial automation is high. This paper investigates how term extraction tools can support
constructing a domain model. Therefore, we study if different automatic term extraction tools give
comparable results to a human annotator. Our results show that the current extraction tools support
the process, but their results are not directly usable and still need human adjustments.
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1 Introduction

Addressing learners’ individual needs in large lectures is challenging, especially if we want
to tailor teaching materials, learning interventions, and feedback to individual students or
sub-cohorts with special needs and educational biographies [DZ11]. Al-based adaptive
learning systems (ALS) can help. Given a fine-grained domain model, we work on a system
that can maintain a learner model and use it to generate learner-adapted material: targeted
explanations, flashcards, or quizzes from collections of learning objects that reference
the domain model [Kr23]. In this system, the domain model consists of a knowledge
graph of theories, each introducing a set of concepts and their definitions, properties, and
relations. The conceptual and semantic relations — i.e., the terminological dependency
relation between concepts — in the knowledge graph, together with a model of cognitive
processes, shape the learner model. In our experience, given sufficient student activity in the
system, the quality and coverage of the domain model are key determinants of the quality of
the learner-adaptivity of the system.

The domain model is essential to the system and requires a large investment. Concept
definitions and statements of properties and relations can be taken from course material or
textbooks. In other words, the development of domain models should be computer-assisted,
not only for quality assurance but also for efficiency reasons. In this paper, we present and
evaluate experiments on using natural language processing (NLP) techniques, in particular
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term extraction, to generate term lists for domain models. We focus on the following research
question: To what extent can automatic keyword extraction support domain model creation?
To answer this question, we extract terms from an introductory computer science course to
compare the results of different automatic term extraction tools with those of manual term
extraction.

2 Background

2.1 Domain Modeling for Adaptive Learning Systems

Representing the content of a domain model as a theory graph [Fal8, RK13] allows to
keep track of all dependencies automatically and instances of the concepts introduced and
presumed in a course offered by an ALS. Together with a model of the competencies of
each user, this approach automatically identifies their ability to handle specific concepts.
This enables us to provide learners with personalized learning materials that meet their
individual needs [AK09, Be23].

2.2 Automatic Term Extraction

For along time, term extraction has been done based on a combination of linguistic, statistical,
and pattern-based methods — combining different metrics based on word frequencies. Thus,
the most common words in a terminological text are compared with the most common words
in general language. Another metric is term-frequency-inverse document frequency: based
on this comparison, values for the termhood of words can be calculated [CP14]. Recently,
methods based on large language models (LLM) have become increasingly popular, where
word embeddings and cosine similarity are used to estimate termhood values [DNMS23].

Regardless of the extraction method, the evaluation measures remain the same, and the
quality of a term extraction method in information retrieval is usually evaluated by the
precision, recall, and f-measure [Ch92]. To that end, a gold standard is created, usually
manually, to serve as a baseline for the evaluation. Precision is the percentage of extracted
term candidates that are actual terms, while recall is the percentage of how many of the
terms to be found were extracted. Usually, precision can be improved at the expense of
recall and vice versa. The f-measure is the harmonic mean between precision and recall and
is used to compare systems.

2.3 Term Extraction for Adaptive Learning Systems

Most of the work on term extraction for ALS and domain modeling is based on unsupervised
methods because of the large amount of annotated training data required. [Sal9] did a
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systematic review of NLP techniques that are used to create concept maps. They show that
there is no objective boundary between terms and non-terms when evaluating term extraction
tools, and that human experts can disagree on which candidates should be classified as
terms. In the following, we present selected work on term extraction for ALS and domain
modeling.

[Xu02] follow a frequency-based statistical approach based on GermaNet. Their best
precision values vary between 0.52 and 0.63, depending on the corpus size. [BBP13] also
use a frequency-based method, which yields a precision of about 0.6 with the best settings.
[GNO9] take an unsupervised approach based on n-grams. Their results are evaluated against
a specialized dictionary. They get an average recall of 0.235 but a precision of 1 with
an average f-measure of 0.84. [GA10] extract concepts in mathematics with combined
frequency values, also considering how many documents a term candidate appears in. They
achieve fj»-measures between 0.67 and 0.94 depending on the document. [ZZY17] use a
semantic linked network and get 0.65 for both precision and recall. [BOR23] use different
string-matching approaches and achieve the best f-measure of 0.38 with a precision of 0.26
and a recall of 0.36. [S023] extracts terms from PDF textbooks. The texts are split into
sentences from which definitions are extracted pattern-based. Similarly, the term candidates
are extracted pattern-based from these sentences. The list of terms in the index of the
investigated books is used as a gold standard. They get an average recall of 0.647 and a
precision of 0.16. To ease the following step of creating a domain model based on the
extracted terms, [O110] use an approach focused on relations between the concepts that they
apply to the domain of biology. Similar work has been done by [Ch21] to create adaptive
textbooks and learner models.

3 Methodology

3.1 Extraction Tools

We compare three different term extraction tools that have not been used for the purpose of
domain modeling yet: YAKE, D-TErRMINER, and KEYBERT. All three are directly usable
without further training, which is essential for our use case. In building domain models for
an ALS, creating training data for each subdomain is not practical.

YAKE uses an unsupervised approach combining different frequency values. Language
adaptivity is provided by different stop word lists [Ro10, Ca20]. The scores considered
are casing, position, frequency, and distribution. Casing is because uppercase words are
more likely to be a term, which is true for English but cannot be directly transferred to
German. Regarding position, the authors assume that term candidates from the beginning
of a document tend to be more important than those from the end. We need to investigate if
that also holds for our text type, namely lecture slides, where concepts introduced at the
end of the semester are considered equally important. It is also assumed that more frequent
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terms are more important. Regarding the distribution, two aspects are considered: First, the
contextuality, i.e., how many different terms a candidate appears within its neighborhood,
and second, the distribution over sentences.

D-TerMINER [Ri21, RTHL22] is also based on statistical measures, but they are combined
with neural network approaches. The data was trained on manually annotated corpora from
the domains corruption, equitation, heart failure, and wind energy. Based on traditional
frequency-related methods, the extraction is done using conditional random fields and
a recurrent neural network with word embeddings. Due to the combination of different
domains in the training process, the method should be transferable to new domains.

As a third approach, we apply KEYBERT, which uses the embeddings of the language
model Bidirectional Encoder Representation (BERT) [Gr20, De19]. The embeddings are
combined with cosine similarities.

3.2 Manual extraction

For our manual extraction, an expert in the domain and its education reads the slides and
marks all terms they consider necessary for a domain model. The annotation process is
accompanied by several discussions with experts from the domain and from education, as
well as knowledge representation to address coding quality issues (i.e., reliability or validity).
In these discussions, the coder presents their work and adjusts the process according to the
comments, resulting in a final term list.

4 Experiment: Dataset and Results

Our experiment is a case study due to its small scope, focusing on the Introduction to
Programming as it is part of common undergraduate studies in computer science. We work
with a collection of slides from a lecture in German. It contains 892 slides spread over 13
sessions and comprises about 64,300 tokens. The manual annotation yields 1195 terms, out
of which 853 are single-word terms (SWT) and 342 multi-word terms (MWT). We further
split the annotated MWT into SWT to avoid different criteria being used by the tools to
combine single-word terms into multi-word terms. This leaves 1232 terms as a baseline for
the automatic extraction.

We apply the three extraction methods from section 2.3 and calculate precision, recall, and
f-measure. We extract 2464 SWT with YAKE, i.e., twice as many terms as the expert chose
since our goal is a higher recall. Recall is more important than precision in our case because
it is less effort for instructors to eliminate false positives (due to a lower precision) than
having to think of more concepts for which denominations are missing. YAKE does not
lemmatize the words, i.e., it is possible that, for example, one word is extracted twice, in
singular and in plural. Still, for the use case of a domain model, we are only interested in
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one of these forms, so we regard different forms as a kind of doublet and do a semi-manual
lemmatization of the results. Afterward, 1994 term candidates remain. For the extraction
with D-Terminer, we use the monolingual extraction with the recommended default settings,
i.e., we extract specific terms, common terms, out-of-domain terms, and named entities. We
also use the training data from all provided domains (corruption, equitation, heart failure,
and wind energy) as none of them is our domain. In D-Terminer, it is impossible to extract
only SWT and MWT, nor is it possible to specify the number of term candidates to be
extracted. We reduce the extracted list of term candidates by the measures already described
for the manual extraction. The extraction yields 1681 term candidates (360 MWT and 1321
SWT); after the reduction, 1425 candidates remain. In KeyBERT, we use the standard
configuration to extract 2500 SWT, of which 1921 remain after lemmatization.

Precision Recall F-measure

YAKE 0.3225 0.5297 0.4009
D-Terminer 0.3818  0.4481 0.4123
KeyBERT 0.2806  0.4523 0.3457

Tab. 1: Results of the automatic extraction compared to the manual work

The precision, recall, and f-measure results are given in Table 1 and are somewhat lower
than most of those presented in the related work. We achieved our goal of having recall
higher than precision as we extracted way more term candidates than had been manually
annotated. We also see that the extraction with KeyBERT gives the lowest f-measure but a
recall similar to that of D-Terminer.

5 Discussion

By qualitatively evaluating the results, we find some systems in the false negatives, which
are visible throughout the whole dataset, and we do not see systematic mistakes made by
one tool or the other. Some errors are due to peculiarities of the German language. For
example, the concept Préizedenz-/Vorrangregel is introduced by giving two synonymous
terms. A human can easily deduce that both, Prézedenzregel and Vorrangregel, can be used,
whereas the automatic extraction can only find Vorrangregel. Something similar holds for
syntactic variants such as Name einer Variable and Variablenname, where MW Ts are used
differently. Another aspect is terms that have a meaning in general language, too, and are
thus not recognized as terms, e.g., faule Auswertung (Engl. lazy evaluation).

We also find a system for classifying false positives. One issue is extra-domain terms in the
sense of [Ro20], i.e., words that are terms but not of the domain we are looking at. In our
case, these are terms from the domain of academic examinations, e.g., klausurrelevant (Engl.
relevant for the exam), Tutorin (Engl. tutoress) or Priifungsleistung (Engl. examination
requirement). This could be avoided by relying on text types other than lecture slides
and using only textbooks, although it might take more effort to prepare such data for
extraction. Another solution could be domain-specific stop word lists, e.g., one for academic
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examination, which can also be reused in other domains. A third aspect is words used in
examples without meaning in the domain itself. In our data, a library was used for designing
example programs, and thus, words like Ausleihen (Engl. borrow) or Bibliotheksmitglied
(Engl. library member) were extracted by the tools. It might help to annotate example
environments in the data and exclude those parts in the automatic extraction.

The results show a trade-off between the completeness and accuracy of the domain model
and the effort required to eliminate unneeded terms. If a high recall is aimed for, as discussed
above, the automatically extracted list will contain many terms that need to be removed
afterward. On the other hand, if a higher precision is aimed at, concepts will be missing from
the list. In our view, adding missing concepts to an extracted list is more time-consuming
and error-prone than deleting terms. We believe the precision can be further improved by a
stop list adapted to the use case. However, our scores are pretty low, and further research is
needed to determine if the tools are a valuable aid for building domain models, i.e., if the
time saved by the automatic extraction is worth the errors.

6 Conclusion and Future Work

We presented an experiment to support the creation of domain models with term extraction
tools from NLP. It is important to note that the automatic analysis can only consider the
terminological level, not the conceptual level. For a full comparison between the automatic
and the manual extraction, it would be necessary to create the complete domain model based
on both lists and to investigate if the domain model created from the automatically extracted
terminology fully covers the concepts from the model based on the manual extraction.
Building a complete domain model is tedious, so this comparison is beyond this paper’s
scope. For these reasons, we cannot finally answer our research question, but we state that
automatic extraction could be helpful to ease the creation of domain models. As the manual
collection of concepts through extensive reading of the material takes a lot of time, it could
be faster if the results of an automatic extraction are used as a baseline to find more terms
and build the domain model.

Another area where NLP techniques can help with semantic modeling in ALS is annotating
learning objects with domain model URI references for semantic processing. For our system,
we have independently developed an LLM-based named entity recognizer for terms and
integrated it into the IDE to edit learning objects. This can be seen as another source
of coverage requirements, and it would be interesting to combine the two approaches. A
practically significant difference between the two approaches is that the requirements from
learning object annotation are only generated when the learning model is “used”, so it is
more of a post-hoc quality evaluation or an incremental way of naturally growing a domain
model rather than a “table of contents” from which a domain model can be assembled in
parallel as the term lists presented in this paper. We expect the practical change management
challenges posed by the two approaches will be quite different.
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