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5.2.1 Discussed Problems

Knowledge engineering remains expensive. The emergence of new powerful automation tools
(e.g. large language models) opens new avenues for exploration to bring down the cost of
knowledge engineering. While there is much work using machine learning for knowledge
engineering (e.g. ontology learning, curation), we know much less about the overall picture
of the incorporation of these new machine learning (ML) techniques.

5.2.2 Open Research Questions

How does state of the art machine learning, including large language models augment
knowledge engineering processes and projects?
What is the existing user / developer experience of machine learning tools?
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What are the roles of people and machines in current knowledge engineering process?
How do you evaluate the added value of automation to knowledge engineering processes?
How do you control the outputs of ML-based systems are what you need for knowledge
engineering?
What is the interplay knowledge graph engineering (with or without AI) and system
engineering?

5.2.3 Possible Approaches

Classic knowledge engineering approaches (e.g. NEON [1]) tend to distinguish between
management, support, development activities while knowledge graph engineering approaches
are still in their infancy and tend to focus largely on development activities (e.g. relation
extraction, learning class representations, refinement). Therefore, the potential for automation
is much bigger when considering the management and support activities, for instance, re-
purposing existing knowledge graphs in new contexts, search, automatic generation of
documentation (e.g. labels in multiple languages, entity and relation descriptions), or process
optimization. These are just some examples, hence, what is needed is a systematic study of
current practices, roles, and tools that support them. This can be achieved in several points:

analyze emerging knowledge engineering processes to assess their automation potential
building on [2, 3, 4] (e.g. through literature reviews or empirical analysis of existing
code);
run task-based studies in which the tasks would be to build knowledge graphs following
established knowledge engineering methodologies using existing out-of-the-box automation
tools (e.g. HuggingFace);
case study analysis of existing knowledge engineering projects that include an AI element.

Within this analysis, a key emerging technology, is prompt engineering [5], whose outputs,
based on large language models, could inform knowledge engineering activities in several
ways. Here, a mapping to between the state-of-the-art in prompt engineering and knowledge
engineering would be beneficial. In particular, there is a question as to how these technologies
can be suitably controlled for knowledge engineering processes.

Evaluating and understanding the impact of technology is an established field with its
own methodologies and approaches. In particular, there has been considerable work by
researchers, practitioners and regulators around the use of machine learning in a range of
applications, which resulted in frameworks for responsible/trustworthy AI [6, 7]. Studies
with technical users of AI seem to suggest data scientists and other technical roles tend to
over-trust the outcomes of machine learning systems and do not always fully grasp how they
work, or, where applicable, their explanations [8]. End-users of downstream applications need
means to provide feedback and adjust the outputs of the application, which often involves
improving the underlying data – often, knowledge graph embeddings are a source of such
data, hence it is important when evaluating the added value of automation in building a
graph to consider questions of end-user agency and control from the start. Here, extending
approaches [9] that look at machine teaching9 to examples from knowledge graphs appears
promising.

Any way to understand to knowledge engineering with AI systems should be based on
the existing extensive work with designing and planning for AI systems. This includes a
series of practices including, following human-centered design, identifying multiply evaluation

9 https://github.com/cleanlab/cleanlab
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metrics, extensive testing and continued monitoring while in deployment.10 This also includes
reflecting on fairness and interpretability, which come with their own set of best practices
and techniques.

Furthermore, often knowledge graph engineering is described as one-off activity, where
the project is finished when a knowledge graph is complete. In practice, this is not the case
as seen by the examples discussed at the seminar. Therefore, there is to study the ongoing
maintenance of knowledge graphs the roles and automation involved. This should be done
with a grounding in the current thinking around data-centric AI and MLOps[10].

5.2.4 Next Steps

Perform the user studies, case studies and reviews mentioned above;
Organizie a workshop bringing together prompt engineering and knowledge engineering
experts.
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5.3.1 Discussed Problems

There is currently no standard definition for explanation and explainability. We consider
the following explanation scenario [1]: An explainer is to provide an explanation for an
explanandum to an explainee via explanans. In knowledge engineering for knowledge graphs,
the explainer is commonly a system driven by some background knowledge. The explanandum
could consist of the graph as a whole or a single statement, but also the process. The explainee
can be a human or another system. Finally, the explanans can range from natural language
to a set of assertions in a formal language. In this setting, explanation is clearly an iterative
process within which the explainee can request supplementary information (e.g., pertaining
to previous explanans) to reach the explanation goal. When modelled as such, the function
of an explanation is to empower the explainee to understand enough about the explanandum
to take action. It is rather unclear how explanations and the accompanying processes are to
be tailored and evaluated.

Explainability is central for several aspects of the knowledge engineering process includ-
ing building trust, quantifying uncertainty, hypothesis exploration, due diligence support,
compliance and liability, data and process audits, and data usage agreements. Trust is a
key element of explainability, enabling the explainee to evaluate the correctness / usefulness
and/or actionability of the output. Quantifying uncertainty ensures that the explainee has a
measurement for the reliability of the explanation process and hence of the explanandum.
Devising pareto-optimal explanation processes that can cater for several of these aspects is a
challenge which is currently not widely addressed.

5.3.2 Possible Approaches

The body of works on interpretability and explainability covers various disciplines ranging
from psychology [1] to machine learning theory [2]. The ML community has developed
post-hoc methods for explainability, including approaches such as LIME [3], SHAP [4], and
MVU [5]. Ante-hoc solutions such as verbalization techniques for class expressions [6, 7] serve
a similar purpose in inductive logic programming based on description logics. Still, these
are one-shot explanations, which do not fully implement the iterative explanation process
described in Section 5.3.1. Currently, there seems to be no detailed study encompassing the
state of the art in theory and practice, but rather a number of piecemeal attempts to solve
various issues in tackling explainability.
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