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Abstract. This paper outlines a PhD proposal focused on the generation of se-
mantic contexts, as knowledge graph (KG) fragments around the concepts within
a subject domain. These contexts are regarded as formalized definitions of the
properties of these concepts to be further fused in one graph —a domain ontology.
This domain ontology could be used as a namespace for completing knowledge
graphs for the domain. The data for these knowledge graphs is expected to be
taken from natural language texts describing the domain, like scholarly publica-
tions. The envisioned approach incorporates the novel methods of concept or
property identification and relationship extraction. The input data for these meth-
ods is a representative domain-bounded document collection and the terminology
extracted from this collection. The objective is to provide a solution that enhances
knowledge extraction and integrates seamlessly with existing approaches and so-
lutions. This goal is set to be achieved using the State-of-the-Art (SotA) Deep
Learning frameworks. The proposed work is deemed to contribute to the provi-
sion of instrumental software for semi-automatically developing and completing
Scientific KGs.
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1 Introduction

This paper presents the motivation for, and vision of a Ph.D. project focused on building
the semantic contexts of the concepts for a domain or topic ontology. This proposed
work is inspired by [1] and based on the previous research [2, 3] by the author. It is
envisioned that these contexts will be built in a partially automated manner with a hu-
man expert in the loop. The role of the human expert is to validate, revise, and refine
the fragments of a domain ontology suggested by the tool to be developed in the pro-
posed work.

Building semantic contexts of the concepts for an ontology is, in fact, the completion
of concept models in the form of the sub-graphs of the schema of the developed ontol-
ogy. Hence, several techniques from ontology learning and knowledge discovery are
relevant: concept or property identification, taxonomy extraction, relationship extrac-
tion. In the proposed work, we focus on: (i) putting all the relevant SotA component
methods together to form a holistic baseline framework for concept sub-graph discov-
ery; and (ii) developing deep learning models to enhance the efficacy of the component
methods in domain-neutral settings. (iii) conduct rigorous evaluations of our integrated
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system and the deep learning models, comparing their performance against baseline
solutions.

The remainder of this paper is structured as follows: Section 2 reviews the current
state of research and examines relevant articles in the field. Section 3 defines the prob-
lem, explaining the motivation to find a solution. Then introduce of envisioned ap-
proach to solution and methodology provided in Section 4, detailing the steps taken to
address the problem. Finally, Section 5 provides a conclusion.

2 Related Work and Open Issues

Numerous techniques have been used to pull out taxonomies, or classifications, from
various sources of knowledge. The section is structured to cover: (i) baseline and DL-
based approaches; and (ii) component methods.

2.1  Baseline and DL-based Approaches

Historically, the methods for extracting concepts and semantic contexts from text have
evolved as follows. Initially, pattern-based methods had been proposed. Then, hybrid
methods have been introduced in reply to the need for improved quality. Unsatisfied
with the existing limitations, the field began involving machine learning approaches.
Recently, advanced Deep Learning approaches came into play.

Pattern-based approaches. The first approaches for concept and relationship ex-
traction were pattern-based. Initial studies [4, 5] developed specific patterns; this spec-
ificity was the limit, however. It restricted their application to covering all possible
situations that could be met in natural language texts. This direction of work has been
further continued in [6, 7, 8].

Hybrid Approaches. To improve precision, linguistic and statistical methods were
bundled together [9]. An approach that combined Natural Language Processing (NLP)
and pattern-based techniques was proposed, leading to the use of lexico-syntactic pat-
terns (LSP) for matching concepts and relationships [10].

Machine Learning Approaches. Extraction methods were classified into unsuper-
vised, semi-supervised, or supervised techniques. Unsupervised methods, like the fea-
ture grouping technique [11], did not require domain-specific training sets or expert
rules. Supervised methods, like dynamic clustering [12], were proposed to identify tax-
onomic relationships and understand term relationships. Word2Vec [13] used neural
networks for understanding word relationships. Semi-supervised methods were used to
extract concepts and relationships from web pages [14, 5].

Deep Learning-based Approaches. These methods further improved the perfor-
mance of machine learning-based approaches by increasing the precision of concept
and relationship extraction in NLP. Models such as GloVe [15] aggregated word co-
occurrence statistics for robust word representation. SensEmbed [16] introduced sense-
disambiguated word embeddings, furthering advancements in the field. BERT [17] and
GPT [18], based on the transformer architecture [19], achieved SotA performance
on a wide range of NLP tasks. In difference to BERT and GPT, LLaMA [20] is a



fully open framework. It was based on the use of a collection of foundation lan-
guage models ranging from 7B to 65B parameters and was trained on trillions of
tokens.

2.2  Component Methods

Concept identification and relationship extraction are complex tasks that require several
operations to be performed in a pipeline. Hence, the related work also focused on the
development of the component methods for these operations. The key components and
corresponding related publications are as follows.

Concept or Property Identification. One of the mainstream approaches [21] was
based on annotation, identifying potential domain-independent concepts, and using an
annotated corpus for baseline classification experiments and training a domain-neutral
classifier.

Taxonomy Extraction. A widely used supervised approach [12] was based on dy-
namic clustering to find taxonomic relationships.

Relationship Extraction. Relationship extraction is often enabled by using addi-
tional knowledge from terms extracted from texts or text collections [22, 7, 11]. Several
approaches also exploited post-processing methods to boost accuracy, such as statistics-
based cuts [23] or domain significance scores [1, 24].

Framework Consolidation. The Plumber framework [25] consolidates many third-
party research and development efforts regarding scientific KG completion into a uni-
fied and tunable pipeline. It incorporates circa 40 reusable components for various KG
completion subtasks and dynamically constructs the most suitable pipeline for complet-
ing a KG in a specific domain.

2.3 Open Issues in State of the Art

The analysis of existing approaches and methods for the possible re-use in the concepts
extraction and semantic contexts construction revealed several potential research gaps
that motivate the envisioned research project.

Pragmatics. Existing SotA approaches, including LLM, often lack context sensi-
tivity, meaning they might not fully consider the specific context in which a term is
used. As a result, they may misidentify terms or fail to capture their correct meaning in
the given context.

Narrow scope. The specificity of the reviewed pattern-based methods is that these
methods are too specific. Hence, their scope is too limited for covering all the required
aspects in natural language texts or different domains with sufficient quality.

Quality of relationship discovery. The precision/recall balance of relationship ex-
traction remains a significant issue, with current machine learning approaches often
failing to accurately identify all possible relationships. The problem is more complex
in scientific domains described by complex texts using domain-specific terminologies.
One more complication is the presence of alternative descriptions for the same con-
cepts, which adds pragmatic and scholastic ambiguity on the top of domain specifics.



Despite notable advancements in semantic context creation and concept extraction,
significant challenges remain in the field in terms of context adaptability and relation-
ship extraction performance.

3 Motivation

Creating relevant contexts across different domains is indeed a considerable challenge.
This encourages to delve deeper into this area of study. After analyzing the open issues,
two major problems have come to the fore.

Term Definition Identification and Understanding. Existing methods for term
identification and understanding across domains mainly involve lexicographic ap-
proaches and domain-specific dictionaries. However, these might only partially encap-
sulate the richness and ambiguity of natural language, particularly in specialized schol-
arly fields. New methodologies could harness the power of machine learning and NLP
to create more dynamic and context-sensitive models of term identification and under-
standing.

Extracting Relationships from Term Definitions. There remains a notable re-
search gap in the quality of relationship extraction, that is often carried out through
rule-based systems or manually curated knowledge graphs. These approaches have lim-
itations, including scalability and adaptability to new, unseen relationships. The open
issue could be addressed by developing automated, machine learning-powered relation-
ship extraction systems. These systems could learn to identify and categorize relation-
ships from term definitions by being trained on representative annotated datasets. A key
to this will be the creation of rich and representatively complete training data that cap-
tures a wide array of relationships in varied contexts. Additionally, attention should be
paid to creating robust evaluation metrics that capture the system's ability to recognize
and understand relationships.

By effectively tackling these problems, we would be on the track to devise solutions
for the outlined open issues. The innovations derived from this research will not only
enrich our understanding of term definitions and their relationships but also pave the
way for more sophisticated tools for knowledge extraction, KG completion, data cura-
tion, and scientific knowledge dissemination.

4 Envisioned Approach to Solution and Methodology

As a result of this research work, we anticipate having a solution that is derived from
the extraction of terms [26]. This solution will enable us to identify term definitions
and extract relationships from them, which will be used to build learning concepts and
semantic contexts.



4.1  Approach to Solution

The proposed approach to solution aims to provide a systematic method based on the
insights derived from our previous work [3]. This background has, however, to be re-
fined to encompass the following steps.

Term Definition Identification and Understanding is seen as an iterative process
including the following steps:

e Extracted Terms Ingestion. The terms have been derived from a domain-specific
collection, a result of the Saturated Terminology Extraction and Analysis [27]. These
terms will form the primary input for the pipeline to process.

o Term Definition Embedding. This step is aimed for enriching the terms that have
been extracted from the text collection with their respective definitions. The objec-
tive here is to identify whether a piece of text serves as a definition for a term. The
text collections previously used for term extraction will serve as the primary source
for obtaining term definitions. Given the complexity of natural language, a simple
pattern matching, or keyword-search approach may not be sufficient. This is why
more sophisticated techniques, that can handle various linguistic nuances, need to be
incorporated.

Extracting Relationships from Term Definitions. Building a relationship extrac-
tion system involves applying part-of-speech tagging and dependency parsing to un-
derstand sentence structure, using pattern matching to identify potential relationships,
extracting relevant features from the text, and finally training a classifier to accurately
identify and categorize these relationships.

POS Tagging and Dependency Parsing. Using a POS tagger (e.g. NLTK!, SpaCy?,
Stanford NLP?) to tag each token in your text with its corresponding part of speech and
the relationships between words. This will label each token as a noun, verb, or adjective,
which can be valuable information when identifying relationships.

Relations Identification: To identify relationships, we can apply 2 approaches:

e Applying the LLM Technique to convert words or phrases into vectors (embed-
dings). These embeddings can capture the semantic meaning of the words to identify
relationships.

o Pattern Matching: Using Lexico-Syntactic Patterns (based on the approach of Hearst
[4] patterns) to extract relationships from sentences (e.g: "is-a" will be identified as
hypernymy).

Feature Extraction. From the above steps, extract features that would be proper
for building a relation extraction classifier. These might include POS tags, parse tree
structures, word embeddings, etc.

L https://www.nltk.org/
2 https://spacy.io/
3 https://nlp.stanford.edu/
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Training a Classifier. Using POS tags to train a machine learning model can im-
prove accuracy in identifying relationships in text. Different models like decision tree,
logistic regression, SVM, random forest, or neural network can be used.

4.2  Methodology

The envisioned methodology for the proposed research needs to comprise the following
key stages.

Background Examination and Candidate Selection. In this initial stage, we will
focus on experimental study for existing solutions, selecting the most capable model
candidate addressing the outlined problems in our research. This selection will be based
on various factors such as the model's accuracy, computational efficiency, and compat-
ibility with our problem domain. Specifically, Recurrent Neural Networks (RNN), par-
ticularly Long Short-Term Memory (LSTM) networks, or Transformer-based models
could be a good choice, given their proven effectiveness in handling sequential data
like text.

Developing the Foreground. Upon selection, the chosen candidate will be inte-
grated as a component of our solution. This phase includes the preparation of data, the
training of the model, and the tuning of hyperparameters. Simultaneously, we will as-
sess how well the implemented model aligns with our research objectives. Additionally,
this step will also encompass the identification and implementation of any additional
components necessary to improve the performance and fit of the model for our specific
requirements.

The Evaluation process is composed of the two distinct phases.

(i) Evaluation of Improvement. In this phase, we will evaluate how much our solution
(using the chosen and implemented model) improves upon the existing SotA. The en-
visioned evaluation aspects include accuracy, precision, recall, F1 score, computational
efficiency, and general usability.

(i) Iterative Evaluation. Itis planned consistently Evaluation each step of our research
and check if the outcome improves upon the background state. This continuous evalu-
ation will ensure the progress and effectiveness of our research.

4.3  Evaluation

The evaluation process will initially involve a comparative analysis. It will be divided
into distinct phases, each serving a unique purpose. These phases include:

(i) Selection Phase Evaluation. At the selection phase, each candidate model or
solution will be evaluated regarding their fit for purpose and quality. This will result
in selecting the best fitting 3-d party component for our background.

(ii) Interim Assessment of the Progress. Evaluations will be performed for partial
solutions throughout the iterations of the research following the Scientific Method [28].
These iterative evaluations will facilitate to monitoring the progress, detect potential
issues promptly, and guide necessary optimizations to refine our path toward the final
solution.



(iii) Final Evaluation: At the major project milestones, a more comprehensive eval-
uation will be conducted for a major version of the solution. This assessment aims to
gauge the efficacy of our solution, check the fit with the research objectives and cross-
evaluate against the competing SotA solutions. It is also expected that the insights into
potential improvements for future implementation will emerge after these evaluation
iterations.

Together, these phases will form a structured evaluation program that facilitates in-
formed decision-making, monitors ongoing progress, and maximizes the efficacy of
our envisioned solution.

5 Conclusion

In conclusion, the envisioned methodology and approach to solution aim to solve the
current problems of: (i) term definition identification and (ii) relationship extraction for
constructing the semantic contexts of discovered concepts. Notably, the solution could
also interlock effectively with existing systems, such as PLUMBER [25], and augment
their functionality by seamlessly integrating with its array of components. Ultimately,
the method, that will be researched and developed, aims to achieve higher precision of
term definition identification and relationship extraction.
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