
Semantic Web 0 (0) 1 1
IOS Press

1 1

2 2

3 3

4 4

5 5

6 6

7 7

8 8

9 9

10 10

11 11

12 12

13 13

14 14

15 15

16 16

17 17

18 18

19 19

20 20

21 21

22 22

23 23

24 24

25 25

26 26

27 27

28 28

29 29

30 30

31 31

32 32

33 33

34 34

35 35

36 36

37 37

38 38

39 39

40 40

41 41

42 42

43 43

44 44

45 45

46 46

47 47

48 48

49 49

50 50

51 51

Towards Explainable Automated Knowledge
Engineering with Human-in-the-loop
Bohui Zhang a,*, Albert Meroño-Peñuela a and Elena Simperl a

a Department of Informatics, King’s College London, London, United Kingdom
E-mails: bohui.zhang@kcl.ac.uk, albert.merono@kcl.ac.uk, elena.simperl@kcl.ac.uk

Abstract. Knowledge graphs are important in human-centered AI as they provide large labeled machine learning datasets, en-
hance retrieval-augmented generation, and generate explanations. However, knowledge graph construction has evolved into a
complex, semi-automatic process that increasingly relies on black-box deep learning models and heterogeneous data sources
to scale. The knowledge graph lifecycle is not transparent, accountability is limited, and there are no accounts of, or indeed
methods to determine, how fair a knowledge graph is in downstream applications. Knowledge graphs are thus at odds with AI
regulation, for instance, the EU’s AI Act, and with ongoing efforts elsewhere in AI to audit and debias data and algorithms. This
paper reports on work towards designing explainable (XAI) knowledge graph construction pipelines with humans in-the-loop
and discusses research topics in this area. Our work is based on a systematic literature review, in which we study tasks in knowl-
edge graph construction that are often automated, as well as common methods to explain how they work and their outcomes,
and an interview study with 13 experts from the knowledge engineering community. To analyze the related literature, we intro-
duce use cases, their related goals for XAI methods in knowledge graph construction, and the gaps in each use case. To gain
an understanding of the role of XAI models in practical scenarios, and reveal the requirements for improving the current XAI
methods, we designed interview questions covering broad transparency and explainability topics, along with example discussion
sessions using examples from the literature review. From practical knowledge engineering experience, we collect requirements
for designing XAI methods, propose design blueprints, and outline directions for future research: (i) tasks in knowledge graph
construction where manual input remains essential and where AI assistance could be beneficial; (ii) integrating XAI methods
into established knowledge engineering practices to improve stakeholder experience; (iii) the need to evaluate how effective ex-
planations genuinely are making human-machine collaboration in knowledge graph construction more trustworthy; (iv) adapting
explanations for multiple use cases; and (v) verifying and applying the XAI design blueprint in practical settings.

Keywords: knowledge graph, knowledge graph construction, knowledge engineering, transparency, explainability, explainable
AI, trustworthy AI

1. Introduction

To reach its potential, AI needs data and context. Without the right (amounts of) data, machine learning (ML)
cannot identify patterns or make predictions. Without a deeper understanding of context, AI applications cannot
engage people in a meaningful way. Knowledge graphs (KGs) [1, 2], a term coined by Google in 2012 to refer to its
general-purpose knowledge base, are critical to both: they reduce the need for large labeled ML datasets [3], enhance
pre-trained language models (PLMs) [4, 5], and generate explanations [6]. KGs are routinely used alongside ML in
many applications, including search, question answering, recommendation [7] and, in industry contexts, enterprise
data management, digital twins, supply chain management, procurement, and regulatory compliance [8]. Moreover,
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with the rise of large language models (LLMs) such as GPT [9, 10] and Llama series [11, 12], KGs and LLMs have
influenced each other in both ways: LLMs for KGs (using LLMs for KG construction and maintenance) and KGs
for LLMs (using KGs to train, prompt, augment, and evaluate LLMs) [13–15].

As AI applications produce and consume more data, engineering KGs has evolved into a complex, semi-automatic
process that increasingly relies on opaque deep-learning models and vast collections of heterogeneous data sources
to scale to graphs with millions of entities and billions of statements [16–19]. The KG lifecycle is not transpar-
ent [20], accountability is limited, and accounts of how biased a KG is [21] or how fair the downstream applications
that use it are patchy [22]. In recent works, KGs themselves are meant to make ML models explainable [6] and
hence facilitate such compliance tasks, but that would imply that the KG lifecycle abides by the same rules.

We argue that this is not yet the case. As referred to in our previous work [23], questions regarding the user-
centric aspects of knowledge engineering are not yet fully answered, such as users’ tasks and goals, the way that
they interact with KGs, KG construction (KGC) tools, and KG-related applications [24]. Up-to-date comparative
surveys regarding the scale, complexity, and degree of automation of KG construction systems nowadays are needed.
User-centric design and empirical methods should be established for transparent KG construction to ensure that
human-centric challenges are not overlooked.

With this paper, we would like to advance the field of explainable knowledge engineering to allow KG stake-
holders to rely appropriately on AI algorithms and use KGs with confidence [25]. This paper explores transparency
issues from multiple dimensions, examining both the technical perspective, assessing the current state of explainable
knowledge engineering models and techniques, and the user-centric perspective, focusing on the accessibility and
acceptance of explanations. Our investigation of explainability encompasses both the inherent ability of models to
elucidate their internal mechanisms (i.e., interpretability) and the techniques used to generate explanations across
various models. Moreover, we examine their potential applications and integration in practical scenarios. To achieve
this, we need to first gain a better understanding of emerging KG construction practices in the era of ML-as-a-service
and develop human-in-the-loop approaches to ensure transparency and accountability throughout the KG lifecycle.
This applies both to proprietary KGs used within organizations [8] and publicly available KGs like Wikidata [26],
DBPedia [27], YAGO [28], and ConceptNet [29], which are extensively used by researchers and practitioners. As
AI laws and regulations enter into force, the trustworthy credentials of such KGs will have to be systematically
assessed and documented.

Our paper follows recent work that explores emergent neuro-symbolic AI architectures from a system-design
perspective. Van Bekkum et al. [30] propose a taxonomy of hybrid (i.e., learning and reasoning) systems and discuss
common architecture patterns and use cases. Building on their insights, Breit et al. [31] carried out a comprehensive
literature review to add details to those patterns in terms of inputs, outputs, processing units, types of ML models
and their training, types of knowledge representation and reasoning, but also transparency and auditability. One of
their main findings is that most system designers do not consider these latter aspects at all, or, when they do, they
do not evaluate them sufficiently. A third paper by Tamašauskaitė and Groth [18] draw from a survey of system
papers to define a canonical KG construction process. Our work continues where they left off: starting from their
KG construction process, we follow one of their main recommendations to map models and techniques for each
step to provide additional guidance to researchers and developers.

Thus, we put forth the following research questions:

– RQ 1: What is the state-of-the-art of explainable automated KG construction?
– RQ 2: How do knowledge engineers and KG researchers understand their models and techniques and explain

their output to stakeholders?
– RQ 3: Do the existing explainable models and techniques meet the requirements of knowledge engineers and

KG researchers in practical use cases?
– RQ 4: What are the requirements of knowledge engineers and KG researchers for explainable approaches?

We analyze the KG lifecycle to identify tasks that are commonly automated with AI and those that still require
human input and oversight and could potentially benefit from AI assistance. This work builds upon our previous
study [23], in which we surveyed the state-of-the-art in explainable AI (XAI) to inform the design of XAI approaches
that are practically useful for KG stakeholders such as knowledge engineers, subject domain experts, and users.
Furthermore, to extend our methodologies, we conducted an interview study involving 13 knowledge engineers
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and researchers from the knowledge engineering community. The interviews further explore topics such as their
degree of understanding of models and techniques, their degree of automation, their transparency and explainability
requirements, and various usage scenarios. Our main findings are:

1. There are tasks in KG construction, for instance, knowledge acquisition, where automation1 is routinely used
with promising results. At the same time, there are opportunities to use AI to assist other tasks, including
ontology reuse, ontology evolution, ontology evaluation, and documentation, where (the latest) AI capabilities
have remained under-explored.

2. While tasks around knowledge acquisition, taxonomy building, and data ingestion are often automated, human
oversight is still needed to improve performance, establish trust, or comply with the law. In our review, we
found little evidence of the integration of AI capabilities besides basic automation, no matter their level of
interpretability, into standard knowledge-engineering tools and practices. Furthermore, our understanding of
human-in-the-loop KG construction remains limited, with implications for user experience.

3. Comprehensive evaluations of XAI methods are lacking, with most studies focusing on simple ML models in
lab settings, with mixed results [32–34]. The KG community, just like elsewhere in AI, needs to gain a better
understanding of how people react and use explanations to build trust and boost technology adoption.

4. Knowledge engineers have varying levels of understanding regarding the models and techniques they use, with
many expressing concerns over the opaqueness of black-box models. Data provenance and lineage tracking are
recognized as critical, yet there are still gaps in the comprehensiveness and standardization of these practices.
Evaluation heavily relies on human effort, highlighting the need for more robust and scalable methods. Addi-
tionally, effective communication of tool functionality and results to diverse stakeholders remains a significant
challenge, requiring tailored approaches to bridge knowledge gaps and align expectations.

5. Current XAI solutions often fail to meet practical requirements, as their explanations tend to be insufficiently
informative, overly complex, and lacking in stability and coverage. Furthermore, findings from the interview
study highlight the need for explanations that are both clear and confidence-indicating, with a strong preference
for natural language representations.

The remainder of this paper is structured as follows: Section 2 provides the background and related work, in-
cluding an introduction to the KG lifecycle. Section 3 outlines the research methodologies, presenting the two-
dimensional XAI taxonomy and use cases for literature analysis, as well as the foundation of the interview study.
Section 4 explores the key findings from both the literature review and the interview study, with Sections 4.1
through 4.4 addressing research questions 1 to 4, respectively. In Section 5, we propose a blueprint for the design
of explainable knowledge engineering models. Finally, Section 6 concludes the paper. To facilitate further research,
we maintain a public repository2.

2. Background

2.1. Transparency and Explainability of ML Methods

Transparency as an AI design principle stands for the need to clearly document and explain how an AI system
makes decisions, how the data is collected, used, and governed, and how the system is evaluated and audited [35–37].
Achieving transparency in machine learning (ML) models can be accomplished through explainability. Although
some ML models, like decision trees, are naturally interpretable, larger models, such as language models, are too
complex to comprehend in the same way. To address this issue, researchers and practitioners have proposed many
XAI frameworks, guidance, standards [38], techniques [39, 40], and evaluation metrics [41] for various models
within the context of trustworthy AI. Typically, surveys on XAI models and techniques focus on aspects like problem
formulation, taxonomies and classification, evaluation metrics, challenges, and future directions [38, 42–45]. For

1In this paper we use AI assistance and automation interchangeably. While we acknowledge that not all automation in KG construction is AI,
we argue that the use of AI brings about specific challenges with respect to transparency, accountability etc.

2https://github.com/bohuizhang/XKGC

https://github.com/bohuizhang/XKGC
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works that are more related to ours, Danilevsky et al. [46] conducted a survey on the state-of-the-art XAI models
in natural language processing, which includes tasks that overlap with our work, such as named entity recognition
and relation extraction. In the area of XAI and KGs, researchers have suggested using KGs to provide explanations.
Tiddi and Schlobach’s systematic literature review [6] focused on the integration of KGs into explainable machine
learning, where KGs are used as domain knowledge for explanations. In addition to the technical perspective,
Miller’s review [47] provided a thorough examination of explainable AI through a sociotechnical lens, drawing
from a variety of fields such as philosophy, cognitive science, and social psychology. Although previous studies have
focused on some KG construction tasks and applications, a thorough review of the transparency and explainability
of knowledge graph construction is still missing.

2.2. User Studies on Explainable AI

A deep understanding of the end-user requirements is essential in order to design trustworthy explanations, as
explainability is a human-centric property [48, 49]. Preece et al. [50] give an analysis of stakeholders in XAI by ex-
amining the concerns of various stakeholders communities and digging into their different intents and requirements.
Ras et al. distinguished different users of deep learning models into two groups and discussed their concerns: the
expert users, who are engineers and developers building and maintaining the systems, and lay users, who are the
end users and stakeholders [51]. Liao et al. [52] conducted interviews with UX and design practitioners working on
various AI products through question-driven explanations. It is noteworthy that there is a lack of user studies on XAI
involving knowledge engineers and knowledge graph stakeholders as end-users. Therefore, there is no consensus
among design disciplines for XAI in relevant domains. Similar to our intents, Dhanorkar et al. [53] conducted an
interview study on XAI towards AI researchers and stakeholders in industrial AI projects focusing on the AI lifecy-
cle. Rong et al. [48] surveyed user studies through characteristics including trust, fairness, understanding, usability,
and human-AI collaboration performance, and provided guidelines for both XAI researchers and practitioners on
designing and conducting user studies. Similar to our interview study, Kim et al. [54] conducted an interactive feed-
back session in their interview study with the objective of understanding how explainability can support human-AI
interaction. They mock up explanations that could be potentially used for AI application outputs in the field of com-
puter vision to assess the participant’s perception of existing XAI approaches and how participants use explanations
during their collaboration with the AI. Automated and transferable evaluation, benchmarking, and comparison of
XAI approaches pose open challenges, as explainability is often seen as a subjective property, necessitating auditing
from multiple aspects [55]. On the other hand, human-centered XAI evaluations that take an HCI perspective remain
critical in XAI evaluation, where rigorous evaluation procedures need to be established [56].

2.3. Human-Centric Knowledge Engineering

Knowledge engineering, the branch of AI concerned with building and managing knowledge-based systems
[57, 58], has changed dramatically with the latest innovations in machine learning, natural language processing, and
computer vision. The process of constructing a knowledge graph can take on various forms, but it usually involves
acquiring knowledge, processing it, and deploying the knowledge graph [1, 18, 59]. And yet, as the most recent
advances in natural language processing (especially LLMs) and generative AI demonstrate, the question of how
to capture and encode domain knowledge into a computational representation remains as challenging as ever [60].
The technologies and end-user tools to support core knowledge-engineering tasks such as knowledge acquisition
have advanced significantly to meet the scale requirements of modern KGs and to leverage the generative ability of
sequence-to-sequence frameworks [61, 62]. AI copilots, which leverage LLMs, have also become involved in the
KG lifecycle through conversational interactions [63], assisting knowledge engineers and users in a wide range of
tasks. At the same time, the most effective approaches to knowledge representation still require human oversight at
various levels [64, 65], but increasingly human input is in the form of enhancing or validating algorithmic sugges-
tions [18]. The tasks of knowledge engineering require human-in-the-loop to a different extent and are considered
human-centric [24, 66, 67]. These developments have resulted in improved methods and techniques to support
the knowledge engineering process, with a growing group of participants and stakeholders, including knowledge
engineers and domain experts [64]. Witschel et al. identified human-in-the-loop patterns in hybrid learning and
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knowledge engineering activities, encapsulating them in two boxologies, where human agents function either as
feedback-providers or feedback-consumers [67]. Back to 2002, after Holsapple and Joshi introduced the first col-
laborative approach to ontology design [68], various collaborative ontology engineering methodologies have been
proposed, including tasks like ontology design and construction [69–72], ontology evolution [69, 72–74], and on-
tology evaluation [75, 76]. The tasks of ontology engineering continue to rely heavily on manual labor, and many
of the reviewed works are outdated and pre-date the era of deep learning. There are evident challenges in improving
the methodologies used in this process and adapting them to meet the requirements of automation, scalability, and
transparency.

2.4. The KG Lifecycle

Building on the process from [18], Figure 1 shows that the KG lifecycle today consists of four stages with a mix
of automated and manual capabilities and contributions from several stakeholder groups: knowledge engineering
and machine learning specialists, subject domain experts, online volunteers, and crowdsourcing services, as well as
developers of applications using KGs.

As the figure illustrates, KGs interact with AI capabilities in complex ways, involving multiple groups of people
collaborating both with each other and with machines. Human-in-the-loop tasks in KG lifecycle increasingly use
ML models with varying levels of interpretability. On the left side of the figure, at stage A, which is an entry
point and essential step of the KG lifecycle, knowledge engineers and KG stakeholders (e.g., domain experts)
will first determine the scope of work and the success criteria [77]. After that, at the second stage, knowledge
graph construction, knowledge engineers and other specialists (potentially) reuse standard ontologies and build
knowledge graphs from scratch through data lifting and knowledge extraction. Multiple data sources, structured
and unstructured, are lifted into KGs using ML for named entity recognition [78], relation extraction [79], entity
reconciliation [80], and many others. The ontology organizing the KG can be provided upfront or derived from
the data itself, depending on whether there is a clear domain or available structured data with predefined types
of entities and relations [18]. In this context, [20] discusses the need for more transparency with respect to data
provenance and currency; both can affect whether application developers and end-users will be able to use the KG
with confidence as a source of reliable, complete, unbiased, and up-to-date information. KGs can also be created
on a larger scale through human collaboration, utilizing crowdsourcing platforms, collaborative-editing platforms,
etc [1]. Crowd workers and volunteer editors have important roles in the KG lifecycle, especially in knowledge
graph creation and updates, where annotation tasks such as quizzes and voting are often designed for leveraging their
background knowledge [81–83]. While KGs constructed using these approaches may exhibit quality issues such as
errors [84, 85], disagreement [86], bias [1], etc., crowdsourcing for supervised ML may have similar transparency
challenges as the algorithms it complements. This is because the digital services commonly used for this purpose,
e.g., Prolific and Mechanical Turk, are black-box, proprietary platforms with limited means to replicate or reproduce
results [87]. Educating crowd workers in the process of performing crowdsourcing tasks is also a nontrivial task [82].
Interleaving explanations during this process could aid in educating crowd workers, enhancing their comprehension
of the task, and ultimately improving output quality.

The result of knowledge acquisition is shown in the middle of the figure, where KGs are often linked to third-party
data, reuse standard ontologies and identifiers, and are encoded as RDF, JSON, or other formats. On the right-hand
side of the figure, KG maintenance (stage C) is prompted by source updates from stage B, and requirements, audits,
and assessments from stage D. To further increase their completeness, correctness, and utility, KGs are refined by
completion tasks such as link prediction and error detection and correction tasks, etc [88–91]. At stage D, there
are a selection of use cases for KGs alongside other forms of AI. KGs are used as knowledge bases to query and
reason upon, for instance in search [92], question answering [93, 94], and retrieval-augmented generation [4, 95].
Information can be obtained from a graph through deductive (e.g., logical rules) and inductive methods (e.g., as
continuous graph embeddings) [1]. Both methods need to be transparent and accountable to the user [96, 97] to be
trustworthy and compliant with laws.
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Fig. 1. The knowledge graph lifecycle today.

Knowledge Graph Construction Transparency AI
knowledge graph construct*, knowledge graph develop*, knowledge graph
complet*, knowledge graph refine*, knowledge graph reasoning, knowledge
graph inference, knowledge engineering, named entity recognition, extract en-
tit*, relation extract*, entity linking, entity matching, entity resolution, entity
alignment, link prediction

transparent, transparency,
interpretable, interpretability,
explainable, explainability

Table 1
Keywords for the literature search query. Keywords from two groups were combined for query construction. ‘*’ represents wild characters that
can match any word suffix in the search.

3. Methodology

To address our four research questions, we employed a mixed methodology of systematic review and interview
study. The systematic review involved collecting and analyzing literature on explainable AI in the context of knowl-
edge engineering to gain insight into its current development. The interview study allowed us to directly explore the
role of explainable AI in broader contexts, understand the needs of knowledge engineering and KG stakeholders for
explanations, identify potential gaps and challenges in this field, and provide valuable insights for further research.

3.1. Literature Review

3.1.1. The PRISMA-guided Review
Following the discussion of the lifecycle, we carried out a PRISMA [98] literature review on databases in-

cluding ACM Digital Library, IEEExplore, ScienceDirect, arXiv, SpringerLink, and Google Scholar. We searched
for queries combining, on the one side, keywords related to trustworthy (mainly transparent and explain-
able/interpretable) and, on the other side, keywords related to KG construction tasks, as shown in Table 1. The
search initially encompasses all keywords related to KG construction tasks, as depicted in Figure 1. We conducted a
prototype search by examining the top 20 results generated by these keyword patterns. Subsequently, we eliminate
keywords associated with tasks that do not yield hits within the top 20 results, thereby streamlining the review pro-
cess. The search took place from October to December 2022 and resulted in more than 735K hits. We then took the
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Fig. 2. The PRISMA flow diagram for systematic review.

Use Case Intentions
Model selection and building Help users understand the characteristics of ML models thus select the fitted model and build the pipeline

Model debugging Detect errors may happen in the process and help model users avoid or fix the error
Understanding
performance

and contributing factors
Give explanations to the predictions and analysis to the contributing factors of the final results

Managing updates Help users understand how the pipeline will change as data updates and help improve the results
Table 2

Summary of use cases of XAI methods in knowledge graph construction process and their related objectives. The use cases are intentionally
defined with more flexibility than the taxonomy, as their primary purpose is not to serve as a rigid classification system but to link the reviewed
works to practical, illustrative scenarios.

top 50 hits per query, which led to around four thousand papers with duplicates3. The workflow of paper selection is
shown in Fig. 2. We assessed relevance based on titles, abstracts, and keywords first, and in a second step, reviewed
the text of the paper to select only those papers that proposed a solution to transparent and explainable KG construc-
tion, either as a whole process or for individual tasks. We discarded papers that only mentioned transparency and
related concepts rather than putting forward a solution. The final corpus consisted of 84 papers. The papers were all
published in the past ten years, which was to be expected given the term "knowledge graph" was coined in 2012 and
is in line with other recent knowledge-graph surveys [18, 61].

3.1.2. Use Case Analysis
In addition to reviewing the existing work categorized in Section 4.1.1, we adopt use cases as an orthogonal

dimension for literature analysis inspired by [99], recognizing that explanations serve diverse end users with varying
needs across different scenarios and stages of the KG lifecycle. To derive XAI use cases in the KG lifecycle, we
first examine use cases in the broader AI lifecycle and specific domain applications [99, 100]. We then map these

3The six platforms where we performed the search supported different query affordances. This means that in some cases, it was possible to
build complex queries with multiple keyword options, whereas in others, we had to use separate queries to achieve the same results. We took the
first 50 hits for each search query.
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use cases to practical scenarios and task spaces within the KG lifecycle, as illustrated in Figure 1. Specifically, we
identify and present four key use cases, along with their objectives, in Table 2.

Use Case 1: ML Model Selection and Building When ML is incorporated into knowledge engineering, ML and
knowledge engineers must select the proper models and build them. To help users evaluate and select suitable ML
models, explanations should reveal the characteristics and limitations of the model, potential risks associated with
its use, and its specialization for data or domains. In particular, they should address questions such as the model’s
capabilities, strengths and weaknesses, and data fitting. It is also important to determine if the model exhibits bias
toward specific groups of data sources.

Use Case 2: ML Model Debugging One of the purposes of providing explanations for ML models is to facilitate
debugging by allowing knowledge engineers to identify inaccuracies and flawed predictions and providing them
with actionable information to correct them.

Use Case 3: Understanding Performance and Contributing Factors To ensure a thorough comprehension of per-
formance, explainable knowledge graph construction pipelines should include the following elements:

– A clear understanding of the inference/reasoning process, which can be represented as rules, paths, etc.
– Identification and highlighting of the factors, important features, and supporting evidence that contribute to the

final predictions.
– Provision of counterfactual interpretation through perturbation/permutation.

Use Case 4: Managing Updates Explainability is crucial for knowledge graph maintenance. When updates occur
in data sources and contextual information, the knowledge graph can be updated by rerunning the construction
pipeline, executing update or modification models, and so on.

To validate the use cases, we compared the use cases derived from the literature review to the ones collected
from the interview study and found that the use cases derived from the literature review are mostly reflected through
the interview study, and the latter also provide new ones, which we further discussed in Section 4.3. While we
acknowledge that the identified use cases are not exhaustive, they are intended to be adaptable and expandable as
new requirements and application areas emerge.

After identifying use cases, we conducted further investigations into the capabilities of existing works with respect
to these use cases. There are two main aspects to consider for this purpose. Firstly, we need to determine whether the
reviewed methods have been applied in real-world scenarios of the given use case or could be adapted to suit them.
Additionally, we need to consider whether the models have been trained and tested on real-world data. In the domain
of knowledge graph construction, benchmarks and datasets are usually close to real-world KGs, such as Wikidata,
DBpedia, and Freebase. The second aspect to consider is whether the explanations provided are understandable
and satisfactory to the intended audience for the given use case. This can be determined if the work has done
comprehensive evaluations that include metrics and human evaluations. Thus, we will evaluate the capabilities of
the existing methods based on the following criteria:

– ⨉: It is not clear if the method is applicable to the given use case.
– ☆: The method has potential for the given use case.
– ☀: The method has been applied to the use case but has not yet been integrated into toolkits or applications in

real-world scenarios. Additionally, the explanations provided by the method have not been evaluated through
user studies or evaluations.

– ☀☀: The method has been integrated into toolkits in real-world scenarios. Furthermore, the explanations
provided by the method have been tested through real-world studies with the target audience.

3.2. Interview Study

Besides the literature review, we conducted semi-structured interviews with the objective to (1) acquire a basic
understanding of the current status of knowledge engineering models and techniques, including transparency issues
and obstacles, (2) figure out gaps between existing solutions and practical knowledge engineering scenarios, (3)
collect practical requirements for explainable capabilities, and (4) capture insights to design automated explainable
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knowledge engineering pipelines. Table 3 lists all participants and their background information4. In total, we inter-
viewed 13 researchers and knowledge engineers from August to November 2023. All participants were recruited via
contact lists of research events, a hackathon, and mailing lists hosted by W3C5. We maintained a balanced gender
distribution among participants (6 females and 7 males) and ensured diverse coverage in experience, domain, and
tasks. In terms of sector representation, 7 participants are affiliated with universities, indicating a relatively stronger
academic background, while 2 are from research institutes and 4 from companies. The latter 6 participants are con-
sidered to have a stronger industry background with a focus on industry-related scenarios. Each interview lasted 35
to 50 minutes via an online video call, which involved the authors and the participants. The ethical clearance was
granted from the Research Ethics Office of King’s College London with ethics registration confirmation reference
number MRSP-22/23-34456.

ID Sector Experience Domains Tasks
A Academic 2 Culture Ontology engineering
B Academic 9 Legal, finance, culture Refinement, knowledge extraction, knowledge integration
C Academic 1.5 Culture Ontology engineering
D Industry 23 Medicine, scholarly, industry, finance, etc. Ontology engineering, intelligent applications
E Academic 3 Social science Knowledge extraction, knowledge integration
F Academic 11 Industry, environment, tourism Ontology engineering
G Academic 9 Public knowledge graphs Knowledge extraction, refinement, knowledge integration
H Academic 17 IoT, medicine, insurance, tourism, etc. Ontology engineering, datab transformation
I Industry 10 Customer data, public knowledge graphs, geography Knowledge extraction, enrichment, data transformation
J Industry 10 Scholarly, cross-domain Ontology engineering, knowledge extraction
K Industry 3 Cross-domain Ontology engineering
L Industry 20 Mobility, manufacturing Ontology engineering, knowledge extraction, data transformation
M Industry 11 Biology, property, medicine, legal, energy, history Knowledge extraction, refinement

Table 3
Background information about interview study participants includes the sector, experience working with KGs and knowledge engineering in
years, domains of KGs, and tasks involved in the KG lifecycle.

3.2.1. Interview Questions
Table 4 presents all the interview questions organized by topics and the order in which they were asked. The

questions addressed various topics, including the understanding level of models and techniques, degree of automa-
tion, data provenance and lineage, trust, evaluation and human intervention, explainability, and associated risks. The
design of interview questions incorporated multiple factors, drawing from previous interview studies on explainable
AI in other fields [53, 54], taxonomies and surveys of transparency and explainability [48], and the Explanation
Ontology [101] to ensure comprehensiveness. We adapted these trustworthy factors to the context of knowledge
graph construction. Firstly, we asked questions about the research background, including experience and domain, to
acquire demographic information. Next, we asked about the participants’ experience and understanding of the mod-
els and techniques they use. This foundation allowed us to assess the extent to which transparency is an issue and its
impact on their practical work. Given the importance of data provenance as a dimension of transparency [102], we
include questions specifically about this. To examine the human role in knowledge engineering and gain insight into
human factors, we asked questions related to the evaluation of results and how humans interact with the pipeline,
providing oversight and intervention. Inspired by [53], we designed questions about explanation scenarios and use
cases. These questions delved into scenarios where participants explain results or models to their stakeholders, seek-
ing to identify explainability concerns, challenges, and requirements. Finally, we addressed risk concerns that might
arise if transparency and explainability are provided with current models and techniques, ensuring a comprehensive
understanding of potential issues.

4As a knowledge manager, participant K is responsible for designing and consulting on taxonomies and ontologies, as well as communicating
and educating about knowledge graphs through presentations, webinars, and writing.

5semantic-web@w3.org, public-lod@w3.org
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XAI Example Discussion Furthermore, by selecting examples from the previous literature review, we designed
XAI examples and facilitated discussions on their usefulness, faithfulness, and acceptance. This approach directly
connects stakeholders in the context of knowledge engineering with existing literature methods, highlighting the
pros and cons of current explainable solutions and the gaps between these solutions and practical needs, given the
limited application of existing XAI approaches in real-world knowledge engineering scenarios. The XAI examples
were directly selected from the reviewed papers. We first identified papers that provided examples of explanations,
such as visualizations of attention weights, graph paths, and tables of reasoning rules. We then randomly selected
two papers per task as examples for participants to discuss. During XAI example discussions, participants were first
asked to select one (or two, if time permitted) task that they were familiar with. We then provided two examples
of two explainable approaches to the selected task. Each example was presented on a slide, consisting of the input,
output, and explanations as provided by the original publication. Table 7 lists the examples we selected, along
with their representations and citations. After reviewing the examples, participants discussed the usefulness and
acceptance of the explanations, such as whether they found the explanations helpful and whether they would accept
them in their work scenarios or expose them to stakeholders, such as domain experts and users. Moreover, they
were encouraged to identify defects in the explanations and suggest improvements or alternative solutions to make
the explanations more acceptable. During this process, participants were free to ask questions about the provided
examples, and we responded based on the original publication.

Topics Questions
Background
Information

What is your job title?
How long have you been working on knowledge engineering and knowledge graphs?

Domain & Tasks
Can you give a brief description of your work with knowledge graph construction, including:
• an introduction to the knowledge graphs, their types and domains,
• tasks in which you have been engaged, such as knowledge extraction or completion?

Status

Could you please briefly describe the models and techniques that you use for the tasks you mentioned?
• Are they fully automated or incorporate human efforts, e.g., human-in-the-loop?
• Are they explainable or transparent? And why?
• How do you perform the model selection?

Understanding
Do you understand, or do you need to understand how the automated components work in detail?
• What are the obstacles to understand the performance of the component or the results it generated?
• If not understood, will the opaqueness of the toolkits impact your work?

Data Provenance
& Lineage

• Do you know where the data comes from?
• Do you keep track of all operations that have been carried out?
• How do you keep track of data provenance and lineage?

Evaluation &
Human

Intervention

• How do you verify or evaluate the results generated by the automated components or the pipeline?
• Are there any mechanisms to help you?
• If you could verify the results, is there any way that you can correct or modify them?
• What kind of intervention do you take? Explain when and how you perform the oversight.

Explanation

Do you explain to another person how the automated components work or the generated results?
• To whom do you explain the components or results?
• What type of content do you explain?
• How do you explain the results? Do you adopt any methods to help you deliver the explanation?
• Do you encounter any challenges in this process?

Use Case In what scenarios would you need the pipeline to give you an explanation?
XAI Example

Discussion
Please select one of the following tasks, we will provide explainable examples and we can discuss them:
(1) entity extraction, (2) relation extraction, (3) entity linking, (4) link prediction, (5) inconsistency detection

Requirements

After answering and thinking about the above questions, how would you envision a solution?
• What kind of information do you hope to be provided by explainable pipelines?
• What is your preferred form of explanation?
• How will the explanations help your work?

Risk What is your concern about the risk of explainability or transparency?
Table 4

The list of interview questions. The XAI example discussions are accompanied by slides introducing and showing explanations, and the following
questions in this part are mostly intrigued by the responses of participants.
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3.2.2. Coding and Analysis
The interviews were recorded using Microsoft Teams and transcribed with its automatic transcription services.

The transcripts were then further cleaned and edited by the authors to remove repeated words, pauses, filler words,
and to recover errors such as software names and abbreviations. The edited transcripts were coded into keywords
and patterns, consisting of phrases and sentences. We employed three levels of coding strategies for different types
of questions. First, for questions related to background information, domain and tasks, and status, we used in vivo
coding, extracting the exact words from the transcripts. For questions on data provenance and lineage, evaluation
and human intervention, explanation scenarios, and requirements, we extracted the phrases and identified patterns
such as operations, methods, and examples. Finally, for questions on understanding, XAI example discussions, and
risks, we extracted patterns such as comments and suggestions, and coded the attitudes and beliefs towards the
explainable examples. To analyze the coded data, we grouped identical and similar content into clusters of thoughts
and insights, and counted the occurrence of each cluster. We also highlighted quotes to provide important supporting
evidence, insights, and original ideas.

4. Findings

4.1. The Status of Explainable Automated Knowledge Engineering

4.1.1. The State-of-the-Art Explainable Models
We classified the papers reviewed with respect to the KG construction tasks they addressed and their approach

to explainability, starting with categories widely used in the literature. For explainability, we started with what is
explained: local (data point) vs. global (outcome); and when: post-hoc (after prediction) vs. self-explaining (while
predicting). We then added another layer for post-hoc methods, splitting the methods into two subgroups: model-
specific (specific to one or a group of models) and model-agnostic (can be applied to any model).

The results are presented in Figure 3 and visualized using a Sankey diagram in Figure 4. At a glance, the papers
do not cover the entire KG lifecycle. Most papers are concerned with knowledge acquisition via entity extraction (as
a source of classes and instances in KGs) and relation extraction (as a source of property classes, but more impor-
tantly connecting entities to each other through properties), or with curation and maintenance via entity resolution
(consolidating the data that refers to the same entities) and link prediction (suggesting missing or emerging facts).
Besides the four core tasks in the bottom half of the figure, we found one paper dealing with the evolution of the KG
schema or ontology [181] and another one about detecting and explaining inconsistency in KGs [182]. We note that
link prediction was by far the most popular task, and that a majority of papers dealt with curation and maintenance
rather than building a KG for a particular purpose. This is somewhat concerning, as many applications of KGs are in
enterprise contexts [8], where the first step is to build a computational representation of the enterprise’s data, which
is stored across various systems and modalities. We argue that for the tasks not included in the review, there are sev-
eral potential reasons why almost no papers were found. Many of these tasks still rely heavily on manual work and
human oversight and have not yet been automated, as we will later verify based on interview results. This includes
tasks such as ontology reuse and ontology design. Additionally, there are tasks where automation, such as the use
of LLMs, has been employed, like ontology alignment [186] and data lifting from databases, but explanations have
not been considered.

A second high-level observation is the balanced split in the chosen format for explanations. Methods based on
input and generated features use attention weights [125, 132], words [118, 119], attributes [103], etc. to generate
explanations, which can be numerical, textual, or visual. By contrast, methods based on human-understandable
background knowledge provide explanations in the format like logical rules [165], reasoning paths [161], and struc-
tured contextual information [121] as explanations. Given that we are interested in explanations that are accessible to
knowledge engineers and subject domain experts, it would be interesting to evaluate if their familiarity with knowl-
edge representation and/or the subject domain impacts how useful knowledge-based explanations are compared to
feature-based ones, which sometimes require an understanding of machine learning. At the same time, explanations
are generated in a different way for each of the four core KG construction tasks in the bottom half of the figure.
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Local Post-hoc

Model-agnostic LEMON [103], Minun [104], Landmark [105], CERTA [106], Mojito [107]

Model-specific
LightEA [108], HIF+KAT [109], GMKSLEM [110], XTransE [111], CPM [112],
Kelpie [96], CrossE [113], KGInfluence [114], GINN [115], SNS [116],
approxSemanticCrossE [117]

Local
Self-explaining

TMN [118], AutoTriggER [119], Instance-based span [120], [121], D-REX [122], SIRE [123], SAIS [124],
NERO [125], DISCO-RE [126], SemRep [127], LogiRE [128], XINA [129], RuleSynth [130], GCNN w/att [131],
T-GAP [132], TAGAT [133], DisenKGAT [134], IDEAL [135], ITCN [136], [137], [138], AnyBURL [139],
xERTE [140], DRUM [141], TITer [142], SAFRAN [143], MINERVA [144], TLogic [145], DeepPath [146],
SLICE [147], PATHCON [148], CogKR [149], Gradient Rollback [150], RNNLogic [151], CPL [152],
GPFL [153], CAKE [154], R2D2 [155], RED-GNN [156], HiAM [157], SparKGR [158], [159], [160],
RuleGuider [161], RPJE [162], RuleDict [163], [164], NTPs [165], SQUIRE [166], LCGE [167]

Global Post-hoc

Model-agnostic PREMISE [168], ExplainER [169]

Model-specific Emboot [170], ProtoRE [171], MGNN [172], CRIAGE [173], ITransF [174],
DensE [175], HopfE [176], METransE [177]

Global
Self-explaining xER [178], FTL-LM [179], Neural LP [180], [181], [182]

Human-in-the-
loop myDIG [183], SystemER [184], TuneR [185]

K
G

C
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sk
s

Entity Extraction TMN [118], AutoTriggER [119], Instance-based span [120], PREMISE [168], Emboot [170], myDIG [183]

Relation
Extraction

[121], D-REX [122], SIRE [123], SAIS [124], NERO [125], DISCO-RE [126], SemRep [127], LogiRE [128],
ProtoRE [171]

Entity Resolution LEMON [103], Minun [104], Landmark [105], CERTA [106], Mojito [107], LightEA [108], HIF+KAT [109],
GMKSLEM [110], XINA [129], RuleSynth [130], ExplainER [169], xER [178], SystemER [184], TuneR [185]

Link Prediction

XTransE [111], CPM [112], Kelpie [96], CrossE [113], KGInfluence [114], GINN [115], SNS [116],
approxSemanticCrossE [117], GCNN w/att [131], T-GAP [132], TAGAT [133], DisenKGAT [134], IDEAL [135],
ITCN [136], [137], [138], AnyBURL [139], xERTE [140], DRUM [141], TITer [142], SAFRAN [143],
MINERVA [144], TLogic [145], DeepPath [146], SLICE [147], PATHCON [148], CogKR [149], RNNLogic [151],
Gradient Rollback [150], CPL [152], GPFL [153], CAKE [154], R2D2 [155], RED-GNN [156], HiAM [157],
SparKGR [158], [159], [160], RuleGuider [161], RPJE [162], RuleDict [163], [164], NTPs [165], SQUIRE [166],
LCGE [167], MGNN [172], CRIAGE [173], ITransF [174], DensE [175], HopfE [176], METransE [177],
FTL-LM [179], Neural LP [180]

Ontology
Evolution [181]

Inconsistency
Detection [182]

Fig. 3. Taxonomy of Explainable Knowledge Graph Construction. A summary table of the reviewed papers is also available in our previous
work [23] and the GitHub repository.

Entity Extraction For entity extraction, explanations often leverage contextual cues such as triggers [118, 119]
and patterns of words [168], utilizing attention mechanism [187] and saliency map techniques. One notable work is
myDIG [188], a human-in-the-loop system that compiles sophisticated rules written by domain experts into SpaCy
rules for backend execution. This reduces the barrier for domain experts to interact with the machine and minimizes
training effort. Additionally, myDIG records extraction provenance, allowing users to explore the downstream ef-
fects of their specifications. Another type of explanation used for entity extraction is example-based explanations,
which rely on training instances [189]. In Ouchi et al., similarities between pairs of candidate(s) and the training
instances are computed, with the term having the highest derived label probability being returned [120].

Relation Extraction For relation extraction, explanations frequently employ contextual information from the in-
put, such as words and sentences, similar to entity extraction. The attention mechanism is a prominent principle
among relation extraction methods, with 4 out of 9 studies using attention weights and their associated input con-
text to generate explanations. For instance, NERO uses word-level attention to calculate matching scores between
sentences and generated rule patterns, where attention weights represent word importance for constructing attention-
pooled rule/sentence representations [125]. SIRE [123] employs the attention mechanism in both the evidence selec-
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Inconsistency Detection [1]

Ontology Engineering [1]

Entity Resolution [14]

Entity Extraction [6]

Relation Extraction [9]

Link Prediction[53]

[3] Human-in-the-loop

[5] Global Self-explaining

[16] Local Post-hoc

[10] Global Post-hoc

[50] Local Self-explaining

Fig. 4. Sankey diagram illustrating the categorization of methods. The left column represents KGC tasks and the right column represents XAI
taxonomy. The total count for each category is indicated next to its label.

tor [190] to identify supporting evidence and in the logical reasoning module [187]. In light of research questioning
the validity of attention as faithful explanations, Shahbazi et al. adopted a mixed explanation mechanism extended
by saliency, etc [121]. Another prevalent type of explanation in relation extraction involves relation learning/logic
rules. Beyond NERO, LogiRE integrates a rule generator and a relation extractor, optimizing these modules using the
expectation-maximization algorithm for document-level relation extraction [128]. Diverging from text-based expla-
nations, ProtoRE learns prototypes for each relation from contextual information, exploring the intrinsic semantics
of relations and visualizing them as geometric explanations [171]. Under optimal conditions, prototypes are unit
vectors uniformly dispersed on the surface of a unit ball, with datasets clustered around each prototype vector.

Entity Resolution There are two primary types of explanations for entity resolution: entity matching (EM)
rules [109, 130, 184, 185] and (ranked) attributes of the entity pair with relevant scores [103, 105–107, 169]. EM
rules, represented in forms such as disjunctive normal form and general boolean formula, are commonly used in EM
systems to enhance interpretability [191]. For automatic EM rule-based models, Yao et al. proposed a framework
consisting of Heterogeneous Information Fusion for learning feature representation from unlabeled data and Key
Attribute Tree for interpretable EM decision making [109]. This framework translates decision trees into EM rules,
making explanations more accessible to domain experts. RULESYNTH, proposed by Singh et al., formulates the
rule discovery problem in entity matching as a program synthesis problem [130]. They adopted a more concise and
interpretable form of General Boolean Formula to represent EM rules and proposed a novel rule synthesis algo-
rithm. In contrast to EM rules, using attributes and their relevant scores as explanations focuses on uncovering the
contribution and importance of each attribute or combinations of attribute sets in the decision-making process of
entity matching. Most works employing this representation adopt perturbation-based methods [192]. By applying
LIME perturbation to the entity resolution problem [39], these methods introduce perturbations, such as removing
words and reducing similarity between entity pairs, to analyze variations and compute predefined importance scores.
Conversely, they also explore the insertion of input attributes into entity pairs to assess whether such modifications
can increase similarity between non-matching pairs.

Link Prediction Most explainable link prediction methods leverage the topology and reasoning capabilities of
knowledge graphs (KG). Rule- and path-based methods have become the predominant forms of explanations,
achieved through various approaches such as random walk-based methods [139, 145, 179], reinforcement learn-
ing agents [144, 146], and perturbation-based methods [96, 173]. A significant body of work utilizes reinforce-
ment learning (RL) for reasoning over knowledge graphs and searching for paths to explain link prediction re-
sults [137, 142, 144, 146, 152, 155, 158, 161]. These models typically comprise knowledge graph environments
and policy network agents. The knowledge graph environment transitions elements within the graphs (e.g., entities,
relations, queries) into RL agent elements, where states are usually entities (in practical terms, embeddings) and
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queries (subject entities and relations); actions are typically outgoing edges/relations; transitions map current enti-
ties and their outgoing edges to their neighboring nodes; and rewards are heuristic indicators, awarding 1 when the
agent reaches the correct target entities. Policy networks then maximize the expected reward to perform path finding.
Variations exist in environment transitions, rewards, and the parameterization of the policy function. For example,
R2D2 [155] and RuleGuider [161] employ multi-agent architectures. R2D2 uses two agents, with one arguing the
fact is true and the other arguing it is false, feeding their arguments into a judge network. RuleGuider uses a relation
agent and an entity agent that interact to generate paths fed into a rule miner. Perturbation-based methods are also
applied in link prediction, similar to those used in entity resolution. CRIAGE [173] introduces graph perturbation
by removing a neighboring link from the target fact to assess the influence of the fact and by adding a new, fake
fact to evaluate model robustness and sensitivity. Another prevalent method in explainable link prediction models is
the attention mechanism, used in 16 out of 53 total link prediction works. For instance, XTransE employs attention
values on items to reveal the relevance between different property-value pairs and the current prediction, which are
then ranked to identify the most relevant triples [111]. In xERTE, Han et al. propose a temporal relational graph
attention layer that calculates query-dependent attention scores for each edge [140]. These scores propagate to each
node’s prior neighbors, pruning the inference graph using edge contribution scores. The pruned graph, with node
attention scores and edge contribution scores, is used to produce the explanations.

Human-in-the-loop There are very few papers considering human inputs or oversight, which are critical in trust-
worthy AI frameworks and guidance [193]. In the few cases of human-in-the-loop systems, human input often
involves the provision or revision of rules for tasks such as entity extraction [183] and entity resolution [184, 185].
In myDIG [183], a GUI-based rule specification system is provided for domain experts to input expressive entity
extraction rule sets without programming. SystemER [184], which adopts an active learning methodology, learns
explainable entity resolution logical rules and offers functionalities for domain experts, both with and without pro-
gramming backgrounds, to verify and customize the learned models in feature engineering to ensure extensibility.
For generating entity resolution rules, TuneR [185] involves developers (i.e., coders, scientists, and domain experts)
in tuning rule sets by defining the contribution of optimization metrics. The framework defines interpretability-
related metrics as the preference between the number of rules in the rule set and their overlap. All three approaches
use an ensemble of rules to achieve high precision. Several factors influence the success of these human-in-the-loop
approaches, some of which have been considered in these three systems. One critical factor is balancing the min-
imization of training with the extent of human intervention. More human intervention can reduce training efforts,
which require feeding more data thus extending training time. Conversely, increased training efforts can reduce
human intervention, thereby minimizing unnecessary human labor and avoiding time-consuming and error-prone
trial-and-error processes. Another factor is the degree of operational freedom given to users. The complexity of
functions and the freedom of operations provided to users affect the time required to educate them. The design
of functions should enable users to maximize their input to produce high-quality work while minimizing the time
needed to familiarize themselves with the tool. Providing too few intervention options might hinder users from fully
expressing the correct input, thereby increasing human effort. These factors are crucial when designing human-in-
the-loop systems, and more user studies, especially for knowledge engineers and knowledge graph stakeholders, are
needed to explore them further.

Evaluation of explanations We also collected and analyzed the evaluation of explanations. A primary observation
is that most XAI approaches have not been thoroughly and/or comprehensively evaluated. The majority of methods
(58 out of 84) do not perform any evaluation on explanations or only use anecdotal evidence by visualizing and
commenting on a limited number of cases of explaining outcomes intuitively. There are efforts to design metrics to
evaluate explanations. 17 works adopted metrics to evaluate their explanations, and most of them are task-dependent.
Shahbazi et al., [121] created a ground-truth explanation set and computed the Kendall Tau correlations for the
sentence importance scores for the annotated test set. approxSemanticCrossE [117] proposed explanation evaluation
metrics targeting the link prediction tasks, which calculate the ratio of triples for which the model can generate
explanations (recall) and the number of explanations, on average, for each prediction (average support). In gradient
rollback [150], Lawrence et al. adopted the "RemOve And Retrain (ROAR)" [194] evaluation paradigm to evaluate
the faithfulness of the explanations.
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Evaluation Tasks Methods Number of Participants Background

Comparing model-generated and human-provided explanations
AutoTriggER [119] / crowd-workers

D-REX [122] 3 crowd-workers

Judging the relevance and correctness of explanations (examples)

AutoTriggER [119] See above
Emboot [170] 2 domain experts
xERTE [140] 53 *
DRUM [141] 2 CS students

Comparing explanations generated by different models

D-REX [122] See above
RuleSynth [130] 27 CS researchers
RuleGuider [161] / crowd-workers

DRUM [141] See above
SQUIRE [166] / authors

Survey with questions measuring the quality (usability,
reliability, trust, etc.) of explanations

Kelpie [96] 44 /
SQUIRE [166] See above

Evaluating the accuracy or precision of user predictions
with or without explanations

R2D2 [155] 44 /
[138] / domain experts

Table 5
Works that use human evaluation to analyze explanations. ‘*’ indicates that no group label is provided, but other detailed background information
of participants is reported. ‘/’ means ‘not reported’ in the paper.

12 studies use human evaluation, detailed in Table 5. We identified 5 types of evaluation tasks commonly adopted
in these studies. The most frequent tasks involve asking participants to compare model-generated explanations with
those from baseline models and to judge the relevance and correctness of a set of examples. Various metrics are used
in human evaluations. One approach is to have participants rate the usability, reliability, and trust of explanations in a
survey. A notable example in this group is SQUIRE [166], which annotates BIMR-based interpretability scores [195]
for paths generated by their models and baseline models. Another group of methods measures the accuracy or
precision of user predictions with or without provided explanations. The backgrounds of human evaluators are
varied, including domain experts, such as e-commerce experts in [138] and linguists in Emboot [170], people with
technical backgrounds, and laypeople such as crowdsourcing.

From the above observations, we identified several issues with the evaluation methods. First, reporting a limited
number of examples selected based on the researchers’ intuition can be biased and not sufficient for robust verifica-
tion [55, 196]. Since not all results have satisfied explanations generated, another issue is that the ratio of results for
which the model can generate satisfied explanations is not commonly reported. In our interview study, we found it
to be a crucial factor that might influence the user’s trust in the XAI models.

4.1.2. Use Cases and Capabilities Measurement
The capability of various explainable techniques for each use case is shown in Table 6. In general, the reviewed

literature indicates that global post-hoc methods, especially model-agnostic ones, have the potential to address
all use cases. Local post-hoc methods have also demonstrated similar potential across all use cases. Although no
global self-explaining methods were identified for the first two use cases, this does not imply that these methods
lack potential for model selection, construction, and debugging. Instead, they are suitable for providing model
analysis due to their global assessment capabilities. Among the use cases, all except for understanding performance
and contributing factors have received less attention and research. This could pose challenges when integrating
developed methods into real-world applications, making it essential to address these gaps.

Use Case 1: ML Model Selection and Building Most model-agnostic methods, such as explainers designed for
knowledge graph embedding models, and some model-specific methods, have the advantage of providing explana-
tions across different models and facilitating comparison. While some of the reviewed works have demonstrated
their applicability in this use case, most have not emphasized addressing concerns related to model selection and
comparison. A notable example that covers this use case is ExplainER [169], which offers a mechanism for model
analysis. The analysis engine of ExplainER comprises multiple explanation models and techniques (LIME [39], An-
chors [197], BRL [198], and Skater [199]) that are independent of any entity resolution models. For link prediction,
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Use Case
Capabilities

MethodsLocal
Post-hoc

Local
Self-explaining

Global
Post-hoc

Global
Self-explaining

Model Selecting and Building ☀ ☆ ☀ ⨉ ExplainER [169], CPM [112], Kelpie [96]

Model Debugging ☆ ☆ ☀ ⨉

LEMON [103], ExpalinER [169], D-REX [122],
Instance-based [120], [183], TuneR [185],

CRIAGE [173], Kelpie [96], SparKGR [158],
GCNN w/att [131], MINERVA [144]

Understanding Performance
and Contributing Factors

☀☀ ☀☀ ☀☀ ☀☀ All papers

Managing Updates ☆ ☀ ☀ ☀

ExplainER [169], CPM [112], TuneR [185],
Abstraction [182], TLogic [145], Emboot [170],

SystemER [184], RNNLogic [151], [138]
Neural LP [180], FTL-LM [179], ITCN [136],

CPL [152], SQUIRE [166], MGNN [172],
DRUM [141], ProtoRE [171], CRIAGE [173],

TITer [142], PATHCON [148], METransE [177],
RED-GNN [156], [181]

Table 6
Capabilities of XAI methods in knowledge graph construction. Symbols are referenced from Section 3.1.2:⨉: applicability to the given use case
is unclear;☆: method shows potential for the given use case;☀: method has been applied to the use case but is not yet integrated into toolkits
or real-world applications. Explanations provided by the method have not been evaluated through user studies or any other evaluation methods;
☀☀: method is integrated into toolkits in real-world scenarios, and its explanations have been tested through real-world studies with the target
audience.

explainable methods such as CPM [112] and Kelpie [96] can be used with any embedding-based link prediction
models, allowing for comparison across different embedding models. The main gap for current models in this use
case is not solely related to model design and architecture, but also to better documentation. One potential solution
is to document an interactive model card [200] that lists all the necessary information regarding explainability. For
instance, for explainable link prediction models, this could include the ratio of faithful and correct explanations
generated for each embedding model and a comparison of generated explanations for the same input.

Use Case 2: ML Model Debugging Some works provide analyses of errors. For example, the instance-based
explainable method performed error analysis using relevant examples to identify factors causing model confu-
sion [120]. ExplainER visualized representative explanations to highlight where the model fails [169]. D-REX
conducted error analysis on explanations alongside model predictions, further revealing the model’s error detection
capabilities [122]. Pezeshkpour et al. demonstrated the potential application of CRIAGE for automated detection of
erroneous triples in knowledge graphs. Their approach focused on identifying triples with the least influence on the
model’s prediction of the training data [173]. Similarly, Rossi et al. highlighted the ability of Kelpie to uncover bias
and imbalance in data, enabling researchers to correct it. However, although these works provided analyses of errors,
most did not offer actionable steps for rectifying the identified issues. This could be achieved by providing options
to adjust parameters, model architectures, and leverage external sources such as human knowledge. Human-in-the-
loop methods exemplify approaches for correcting errors and improving model output, such as manually correcting
rules by domain experts in rule-based explainable systems [183, 185]. One approach following this line is to offer
local actionable information, such as suggestions for correcting predictions directly. A future direction in designing
local explainable methods would be to help users identify error cases and enable corrections at the data point level.

Use Case 3: Understanding Performance and Contributing Factors The majority of the reviewed work performed
well across various tasks. As detailed in Section 4.1.1, a range of representations are employed to understand the
inner workings of models and the factors contributing to their outputs. For knowledge extraction tasks, such as
entity and relation extraction, models provided supporting evidence from the source data (e.g., text) to aid in pre-
dictions [118, 119]. Similarly, for knowledge integration tasks like entity linking, attributes of entities were selected
through mechanisms such as matching or non-matching votes, as demonstrated in [103, 105]. Explainable link pre-
diction models offered rules [130, 139, 161] and paths [144, 146, 152, 155] to illustrate the reasoning process, as
well as subgraphs [149] to measure the influence of nodes and edges. Notably, rule-based methods are prevalent
across all tasks due to their concise and straightforward representation and their ability to generalize to new data.
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Use Case 4: Managing Updates Global explainable methods such as rule-based methods [145, 185] can poten-
tially express the model evolution through modifications in their global explanations. Similarly, visualization-based
explanations [171, 177], where users can compare different versions of visualizations, can also provide valuable
insights when managing updates to knowledge graphs. Models that provide local explanations, such as inductive
models [141, 142, 148] and perturbation-based models [173] could track differences for specific instances or groups
of instances. Very few of the models directly implemented this capability, but most of them could be potentially
extended to support this use case. For rule-based explainable methods, a straightforward way to manage updates
is to use the generalization ability of existing rules and perform inductive reasoning. For instance, TLogic [145]
stated that the temporal rules they generate are applicable to any new dataset, as long as the new dataset covers
common relations, even in cases where new entities appear. Zhang et al. [138] also emphasized the benefits of
transferable rules. Their model could generate reusable rules to accelerate the deployment of a knowledge graph to
new tasks or systems. In addition to directly transferring rules to new data, rules can also be updated. For example,
RNNLogic [151] used an EM-based algorithm to update rules. Once the explanation rule sets were updated, to gain
more insights, the users could compare two sets of rules and see what changes the new data had brought in. Similar
strategies can be applied to other explanations, such as the visualization of attention weights and embeddings.

4.2. Explainable Knowledge Graph Construction in Practical Scenarios

We now report on the interviews. We first present the current status of knowledge engineering tools in practical
scenarios, focusing on the degree of automation and the level of understanding that knowledge engineers have
towards these tools, as well as aspects including data provenance and lineage, evaluation, and human intervention.
By addressing a series of sub-questions, we aim to gain a basic understanding of these critical transparency factors
from our interview study. This foundation will enable us to delve deeper into identifying the desired properties of
explainable models and techniques. A summary of the key findings from the interview study is presented at the end
of this section (see Table 8).

4.2.1. Automation and Understanding
How much human effort is leveraged in the knowledge graph lifecycle? Among the participants, the majority
engage in manual (38.5% of participants) and semi-automatic (38.5%) work, while a minority (23.1%) exclusively
utilize automation for the tasks they work on. From the perspective of task execution in ontology engineering,
participants predominantly employed manual and/or semi-automatic methodologies. These approaches necessitate
extensive communication and collaboration among knowledge engineers, domain experts, and stakeholders, often
facilitated through semi-structured interviews. Conversely, for tasks related to knowledge extraction and completion,
participants demonstrated a preference for automated models and techniques. Methods, which focus on tasks like
data transformation that lifts other formats of data into RDF triples through RML mappings6 and tools like SPARQL
Anything [201], always involved the manual creation of the mappings. One participant assessed the performance
of leveraging language models in generating such mappings. Language models in knowledge engineering have
enhanced automation due to their user-friendly nature, characterized by simple natural language input and output,
which require fewer specialist skills. However, their opacity and tendency to generate hallucinations impact their
trustworthiness. When evaluating the outcomes of models, such as the triples generated by knowledge extraction
models, human evaluation is always necessary. This is particularly crucial when dealing with new domains and data,
where datasets are lacking.

What is the level of understanding of the models and techniques? Participants had varying opinions regarding the
impact of the opaqueness of models and techniques and the necessity to thoroughly understand them. 46.2% of them
felt that opaqueness did impact their work and emphasized the importance of understanding the models. As partic-
ipant A highlighted, this importance extends beyond merely explaining why the models produce certain outputs. It
also involves helping humans "understand the extent to which these outputs can be trusted"7 and determining "how
they might need to change the way they interact with the model". Participant B also noted that the opaqueness of the

6https://rml.io/specs/rml/
7We use double quotes to indicate that the quotes are the original words of the interviewees.

https://rml.io/specs/rml/
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models and techniques might complicate evaluations, as it becomes challenging to determine how specific inputs
influence the outputs. In contrast, the remaining 53.8% of participants were less concerned with transparency is-
sues, feeling that opaqueness was not a significant problem. They provided several reasons. Two participants stated
that only the model’s performance and the final quality of the output knowledge graphs mattered to them. Since
they primarily deal with public datasets and transparency and explainability are not within their research scope,
they pay less attention to these topics. Three participants mentioned that their tasks are predominantly manual, so
transparency and explainability are less applicable. Some participants noted that even collaborative projects require
some level of explanation for better communications and outcomes between human agents.

All 13 participants demonstrated a relatively high level of understanding towards the models and tech-
niques they used, particularly when these models and techniques were open-sourced and/or came with documen-
tation (e.g., publications, technical documents), or if the models were self-developed. Two participants mentioned
that it is not always necessary to delve into the code level, and sometimes it is challenging to fully comprehend how
the models make decisions. However, it is crucial to gain a conceptual understanding of the mechanisms of specific
components, their technical limitations, and underlying assumptions. 53.8% of participants reported no significant
obstacles in understanding the models and techniques. For the remaining 6, the challenges of understanding the
models and techniques varied. The primary obstacle, mentioned by 3 participants, was the difficulty in understand-
ing errors produced by models, their causes, and how the models arrived at decisions. Participant B pointed out that
models could be difficult to understand due to their mathematical complexity and insufficient background knowl-
edge in ML and NLP, particularly when it comes to understanding the inner workings of LLMs. Participant E noted
the difficulty in determining the optimal size of data and model parameters to train models effectively or to transfer
them to another domain or input type. Participant L emphasized the challenge of evaluating both the correctness
and the completeness of results, noting that both aspects are critically important. Additionally, understanding "what
level of quality is good enough for the task" is also challenging. To address these challenges, participant A suggested
designing models to provide additional outputs that help in understanding the models. This is somewhat achieved by
works in the literature review, such as models leveraging attention mechanisms that output attention weights [118],
and reinforcement learning models that produce reasoning paths [146] to explain results. For generative models,
asking them to generate additional or intermediate outputs, such as reasons for certain outputs could help. However,
this is not always technically feasible. For example, adjusting embedding models to generate intermediate outputs
for model understanding is not as straightforward as with LLMs through chain-of-thought [202]. Another approach
proposed by participant G for understanding incorrect results is to seek training examples similar to some test
data instances. This aligns with existing reviewed example-based explanations [189], such as [120], where similar
training instances are returned as explanations for the assigned label of the candidate instance.

4.2.2. Data Provenance and Lineage
Do knowledge engineers know where the data comes from? Among the 13 participants, 92.3% of them reported
knowing the sources of their data. Data sources and providers varied, with participants often receiving multi-
sourced data, depending on the projects they were working on. As shown in Figure 5 (a), half of the participants
used open knowledge graphs and publicly available data. However, this does not mean the data sources are always
clear to them and verifiable. Not all participants are aware of how these datasets and knowledge graphs were created.
For instance, participant E mentioned that they were unaware of how the benchmark datasets were created, but rec-
ognized that this data often has significant limitations, such as skewed distributions and incompleteness. Similarly,
participant H noted that when using external APIs to obtain data, it was unclear where the data originated from. Data
can also be collected from domain experts and stakeholders or acquired from partners and collaborators with data
sharing policies and platforms. However, participants using data from these sources reported similar challenges:
some of them generally did not make extra efforts to understand the origins of the data and how exactly it was
selected. Participant M also noted the difficulty in assessing the qualifications of annotators when data is manually
annotated, as detailed information about their expertise is often unavailable. Participants from industry also collect
data from customers, which can be sensitive and requires extra effort for data masking. A minority of participants
constructed datasets themselves.
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Fig. 5. Distribution of participant responses to four questions: (a) where does the data come from? (b) how do you evaluate the results? (c) how
do you explain the results? (d) when do you perform the intervention? The x-axis represents the total number of participants (13), with multiple
responses allowed per participant.

How do people keep track of data provenance and lineage? Among the participants flagging data provenance
as essential, 69.2% actively tracked it in their tasks. Notably, all participants from industry and academia alike
recognized the importance of data provenance and lineage and have established methods for documenting these
aspects, given that their data primarily comes from partners and customers. The interview revealed a list of (semi-)
automatic techniques either currently in use or planned for adoption to manage data provenance and lineage by the
participants, including PROV Ontology8, RDF Star9, metadata, OpenRefine10, Data Version Control (DVC)11, data
catalogs, NLP Interchange Format (NIF) [203], and blockchain. These tools document a set of details, such as the
creation time, involved personnel, operation timelines, algorithms used to create the data, and potentially even the
parameterization of these algorithms. Data provenance is tracked at different granular levels, from the model level
(e.g., entire ontologies) to the data level (e.g., individual ontology elements). The availability of a wide range of
tools offers knowledge engineers flexibility in fitting their specific pipelines. However, challenges and requirements
remain. For instance, participant M noted the difficulty in determining the extent to which data provenance should be

8https://www.w3.org/TR/prov-o/
9https://w3c.github.io/rdf-star/
10https://openrefine.org
11https://dvc.org
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tracked and the level of details required. There is also a preference for using standard representations based on
standardized languages and vocabularies. As participant B said, an ideal approach would involve "an explicit and
standard representation of provenance and lineage directly attached to the produced artifacts", such as "metadata
that accompanies the actual knowledge assets". It is also crucial to have an automatic, scalable, and trustworthy
method for tracking data provenance and lineage, particularly when dealing with sensitive and frequently updated
data. Participants also highlighted that integrating LLMs into the knowledge engineering process introduced new
challenges for data provenance, as their extensive training data is often unknown.

4.2.3. Evaluation and Human Intervention
How do knowledge engineers evaluate the results? As shown in Figure 5(b), most participants rely on human
evaluation to evaluate the outcome of knowledge engineering tasks. The human evaluation methods used are
usually qualitative analysis or randomly sampling a subset of data for manual inspection. Depending on the task
and the required expertise, the evaluators are usually domain experts and/or the researchers themselves. From our
interviews, two participants reported recruiting domain experts for evaluation, one conducted evaluations both by the
developers and domain experts, while the remaining 9 evaluated the results themselves. Several reasons contribute to
the heavy reliance on human labor for evaluation. Firstly, there is a lack of available datasets and testing platforms.
Secondly, existing datasets are often unsuitable for new scenarios. A model that performs well on current datasets
may not necessarily perform well on new data, rendering the existing datasets less helpful. Thirdly, metrics used,
such as average precision and accuracy, can sometimes be misleading. It is often the case that either the metrics look
too good and the results are worse, or the metrics look very bad and the results are better than they appear. There
are several additional issues with human evaluation. It is time-consuming, not scalable, and not always feasible.
Additionally, randomly evaluating a subset of data might not accurately reflect the actual quality of the generated
results. Participant L noted, "the main difficulty is to select an actual relevant sample".

Besides manual evaluation, 46.2% of participants also attempt to reuse benchmarks and datasets with ground
truths to automate the evaluation process. They are aware that benchmarks are incomplete, biased, and skewed, and
thus might not always truthfully reflect the models’ abilities. Participant M from the industry mentioned that there
are often gaps between the focus of the benchmarks and the requirements of customers. While benchmarks are more
focused on challenging cases and specific domains, customers are often interested in general domain cases, making
the benchmarks less relevant to practical scenarios. Participants from academia also face difficulties, as mentioned
by G, when there are insufficient resources for annotations or re-annotations, forcing them to work with the existing
data. Participants also highlighted other methods to automate evaluation. Two participants mentioned using SHACL
shapes for validation. Participant J stated they are developing a quality management concept and have a machine
learning-based algorithm on top of other methods to estimate quality. Additionally, two participants indicated they
construct new datasets for evaluating their methods. Although there are ongoing efforts to automate evaluation,
the interviews revealed a consensus that different extents of human evaluation are always required.

What do people do when they find the results incorrect? Similar to human evaluation, the interviews revealed a
consensus that human intervention is essential to compensate for the limitations of machines at various stages and
levels of detail in the knowledge graph construction process. We categorized human intervention based on the stages
at which it occurs, as shown in Figure 5(d). The first stage is pre-processing, where human intervention primarily
involves working with the inputs. The most common approaches are data augmentation and cleaning. When work-
ing with LLMs, this also involves improving the input prompts. The second stage is in-process intervention, where
researchers and knowledge engineers adjust the models and techniques or specific steps in the process to resolve
issues. This could involve fine-tuning and re-training models, debugging code, or adding, removing, and modifying
components and steps. Before making these modifications, there is typically a troubleshooting process to identify
error patterns, systematic mistakes, and biases. Participant B mentioned that when using LLM-based pipelines, dis-
ambiguation is always a problem, so they either improve the prompts or add an extra disambiguation step. Another
example, provided by participant I, is involving humans in identifying incorrect inference rules and then rerunning
the models. The third stage involves directly modifying the model output, where humans manually correct a group
of generated outputs (if the errors are manageable in size) or add post-hoc filters to exclude problematic results
(i.e., post-processing). Statistically, 53.8% of participants adopted pre-processing methodologies, 46.2% engaged
in in-process modifications, and 53.8% employed post-process corrections. This indicates that participants typically
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adopted multiple types of interventions at various stages. Moreover, the individuals performing the intervention are
crucial. It’s not just about their availability to check the results, but also about their expertise. As noted by participant
L, when mistakes are "a mix of technical and domain-specific issues", it can be more challenging to identify and
address them.

How do people explain to others their models and results? 92.3% of participants have experience explaining mod-
els and results to others. 38.5% of participants explained their models and results to stakeholders who may not
have a technical background, typically domain experts. Eight participants explained their work with ontologists and
knowledge engineers, who have a similar technical background, usually project partners and team members. Addi-
tionally, two participants mentioned producing explanations for educational purposes, targeting university students.
This indicates that designing and delivering explanations has become a crucial and challenging task in the
knowledge graph lifecycle. As highlighted by participant L, if the model performance does not meet stakeholder
expectations and the model is not explainable, it does not foster acceptance or transparency.

The methods used for explanations are summarized in Figure 5(c). For now, there are no standardized methods
for explaining the models and outputs in the knowledge graph lifecycle. We observed that almost no methods
from the literature review are used in participants’ daily work scenarios. We argue that there may be two main
reasons for this. First, participants may not be aware of these methods and therefore rely on their own intuitive ways
to explain results when needed. Second, the available methods may not be ready for practical use, and integrating
existing XAI methods into their workflows is challenging. Only participant B mentioned having used one of the
presented models in the example discussion session [137], finding it generally useful, although not all explanations
produced by the model were helpful.

The most frequent method (used by six participants) is to select examples, including corner cases and errors, to
explain the model’s functionality, the relevance between input and output, the difficulties of the problems, and the
range of the model’s abilities. Three participants explained the pipelines and models through lectures and conceptual
introductions to the technical components, often providing high-level overviews of the algorithms and models.
The other two participants adopted visualization methods. Participant A reported success using visualizations to
represent embeddings and clusters, which helped "define a clear boundary between technical and intuitive content".
One participant mentioned using contrastive explanations, such as why the machine made one decision instead of
another. Two participants did not have a specific method but relied on plain explanations.

Using the same taxonomy adopted in the literature review in Section 3, we categorized the explanation methods
collected from the interviews into two categories: contrastive explanations and example-based explanations as lo-
cal post-hoc methods, and visualization, plain explanations, and introduction to inner workings as global post-hoc
methods. Our analysis reveals that, out of the 14 responses regarding explanation methods, half of the responses
are local post-hoc methods, while the other half are global post-hoc methods. Notably, no self-explaining methods
were reported. In contrast, the literature review indicates that a substantial proportion of explainable methods con-
sist of local self-explaining (59.5%) and local post-hoc (19%) methods. We posit that several factors contribute to
this discrepancy. Self-explaining methods are preferred in academia-developed models because researchers often
work on implementing models from scratch or improving models by adjusting components or integrating additional
components for better performance. This objective aligns with the design of self-explaining models. Among the 50
local self-explaining papers reviewed, 37 pertain to link prediction models, which typically incorporate explanation
mechanisms into their developed models, enhance existing models by making components explainable, or reformu-
late problems in an interpretable manner. For practitioners, however, implementing self-explaining methods poses
challenges. Post-hoc explanations of model output offer greater flexibility, allowing practitioners to customize sup-
porting evidence, visualize this evidence, and adapt explanations into other languages that are more comprehensible
to their stakeholders.

Participants reported several challenges. The most significant challenge when providing explanations is the
gap in background, knowledge, and requirements between knowledge engineers/researchers and their stake-
holders. This gap makes it difficult to capture the interests and needs of stakeholders and to determine the appro-
priate level of technical detail for explanations. Reporting too many technical details may disinterest and frustrate
stakeholders who lack a technical background. As participant J mentioned, "they might feel confused and show
very little interest in what the numbers in the explanations represent." Participant B noted that there is often a gap
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Task
Example 1 Example 2

Representation Cite Feedback Representation Cite Feedback

Entity extraction
Words, attention

score visualization
TMN [118] ⊕⊕⊕⨉ Training

instances
Instance-based

span [120] ⊕⊕⨉ ⨉

Relation extraction Words D-REX [122] ⊕⊕⨉ ⨉ ⨉ Logic rules LogiRE [128] ✓✓⊕⊕⨉

Entity linking
Attribution scores and

their visualization
LEMON [103] ⨉ ⨉ Entity resolution

rules
SystemER [184] ✓✓

Link prediction Reasoning path [137] ✓⊕ Training triples Kelpie [96] ⨉ ⨉

Inconsistency detection
Triples and their

visualization
Abstraction [182] ⨉ ⨉ /

Table 7
User acceptance count of explainable examples, ‘✓’ indicates vote for acceptable explanations, ‘⨉’ indicates vote for unsatisfactory explanations,
and ‘⊕’ indicates vote for explanations that are somewhat reasonable but not fully trustworthy. For inconsistency detection, only one example is
provided.

in expectations, with knowledge engineers and researchers focusing on "understanding from the technical aspects"
while stakeholders are more interested in "the practical use case and deployment perspectives." Participant L added
that audiences often have "distorted expectations of the machine" and expect it to "reason or think as people do."
Addressing this challenge involves finding a common language that is simple enough for non-technical stakeholders
and customizing explanations for different audiences. Another challenge is generating robust and satisfactory ex-
planations, which can be difficult due to a lack of ground truths, poor model performance, and the black-box nature
of models.

4.3. Gaps and Challenges in Explainable KGC Solutions and Practical Usage

4.3.1. Use Cases from Interview Study
What are practical use cases of XAI models? We first compared the use cases in Section 3.1.2 with those collected
from the interview study. We found that the use cases in Section 3.1.2 were largely reflected through the interview
study, which also provided new insights and additional use cases. The most prominent use case, highlighted by
76.9% of participants, is understanding the model output and its inner workings. This includes providing supporting
evidence, mapping results to the original input, and explaining how the models generate the output. This aligns with
the previously identified use case of understanding performance and contributing factors. The second common use
case, mentioned by 38.5% of participants, is debugging models and assisting in rectifying and adjusting them. This
extends the previous use case of model debugging by indicating where the machine fails or is unstable, identifying
systematic error patterns and problematic parts of data sets, and understanding mistakes and errors and their causes.

Two novel use cases were identified from the interviews. The first involves enhancing human-machine in-
teractions by facilitating human involvement at various stages of the pipeline and providing effective interaction
with the models. Participant A emphasized that having explainability can streamline the workflow, stating that "the
more explainable the models are, the less human intervention is required" during model deployment. To this end,
clear and informative explanations play a crucial role in bridging the knowledge gap among different stakeholders,
ensuring a shared understanding at the right level. Additionally, simplifying the reuse and sharing of results and
pipelines among stakeholders and other technical experts is crucial. This is similar to the model update use case
in Section 3.1.2, as reusing the pipeline in other processes also involves feeding new data into the pipeline and
explaining the differences. By mapping the works discussed in the literature review to this use case, we found that
human-in-the-loop approaches, including myDIG [188], SystemER [184], and TuneR [185], align perfectly with
this context. Another novel use case that emerged from the interview study is uncovering new and previously
unnoticed insights. This involves explaining how unexpected (but not necessarily wrong) results are obtained and
offering additional details or information that may be overlooked when humans perform the same tasks. Among
the works reviewed in 4.1.1, rule-based explanations, including those presented in [109, 130, 184, 185] for entity
resolution and [155, 161] for link prediction, demonstrate notable potential for contributing to this use case.
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4.3.2. XAI Example Discussion
Do current explainable solutions meet the requirements for practical use cases? During the example discussion
session, participants provided feedback on various tasks: 5 commented on relation extraction, 4 on entity extrac-
tion, and 2 each on entity resolution, link prediction, and inconsistency detection (Table 7). Overall, the examples
seldom met participants’ requirements, with only 17.9% of feedback responses being positive, while nearly
half were negative. Participants highlighted several concerns and issues regarding the practical adoption of the
provided explanations. The primary issue, raised in 28.6% of responses, was that the explanations were not suf-
ficiently informative. This could mean several things: the explanations might only cover one or a few aspects of
the results, making them insufficient to fully explain the outcomes. Additionally, the correlation or relevance be-
tween the explanation and the output was often weak, rendering the explanations inadequate. For instance, using
trigger words from the context to explain entity or relation extraction results might show some relevance but still
fail to explain why the models produced those specific results instead of others. Participants also noted the com-
plexity of the explanations, which made them difficult to understand and evaluate. A specific barrier was the use of
technical terms. For example, explanations represented in logic rules were found useful but too complex for those
without a technical background. Participant M mentioned that numerical thresholds used in rules were perplexing,
and participant C expressed concerns that logic rules could quickly become overly complex, especially for long and
intricate contexts. Once an error occurred, it was challenging to pinpoint its source, complicating the validation of
the explanations. Additionally, visualizations or elements used in visualization-based explanations were not always
clearly defined, such as numbers or color bars, and the representations were not in a standard language familiar to
knowledge engineers or lay users. A third concern, raised by 21.4% of responses, was the stability and coverage
of the explainable models. Participants questioned whether these models could consistently provide reliable expla-
nations for all results. This issue, known as coverage, refers to how many cases from the entire set of results can be
explained. Participants worried that there might not always be an explanation, or an explanation of sufficient qual-
ity, for all cases of interest. This concern was particularly focused on path-based and attention-based explanations.
For path-based explanations, participants doubted the reliability of reasoning paths for every link prediction result.
For attention-based explanations, they were concerned about the models’ stability and the possibility of incorrect
attention being paid to words, thus making the explanations less reliable.

4.4. Requirements for Explainable Approaches

What are characteristics of an explainable method that knowledge engineers and researchers expected? From the
example discussions, we identified two key requirements. First, 30.8% of participants emphasized the need for a
confidence indicator for models, explaining how confident the models are when producing results. This indicator
should truthfully reflect the model’s confidence in both the output and the explanations, and models should have
the option to acknowledge uncertainty rather than provide incorrect answers or hallucinations. Wrong explanations,
whether for correct or incorrect results, can bias users’ impressions of the explanations, thereby eroding user trust
in the model. Confidence indicators can reduce such cases and facilitate better human-machine collaboration by
highlighting uncertain instances where human intervention is necessary. As participant E noted, when generating
explanations for relation extraction, there should be "an option of like they don’t know the relationships or they
cannot predict this relationship based on the current context." Similarly, participant F stated, "we would like to
make sure that the machine says it doesn’t know when it doesn’t know."

Secondly, the representation of explanations largely depends on the task and user. Although explanation formats
like visualization and logic rules received varying levels of acceptance, the most acceptable representation for par-
ticipants was natural language. 11 out of 13 participants preferred natural language explanations, either alone or
combined with other representations such as visualization and logic rules. The main concern with visualizations
and logic rules was semantic grounding, meaning the use of clearly defined language that ensures users understand
the underlying semantics. Participants noted that visual notations without clear definitions are "prone to ambigu-
ity". The same concern was raised for natural language explanations, as ambiguity can create challenges for human
understanding of the model, thereby complicating human-machine interaction.

From the requirement elicitation questions, we also identified two common requirements from participants more
directly. First, 30.8% of participants highlighted that the type of information users most require in explanations is
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contextual information. They want explainable models capable of tracing which inputs or intermediate outputs
led to a certain result. As participant D mentioned, the ability to "pinpoint" refers to "identifying the minimal
relevant information that a user needs to understand the result and the problem." This ability to map outputs to
inputs can establish the basic trustworthiness of explainable models. Participant I added, "the sources from where
the explanations are given are crucial to users." For example, in link prediction tasks, when the input is knowledge
graphs, the required information includes which triples are used to derive the new one. Generally, this involves
providing contextualized information with input data and knowledge graphs, reflecting the relevance between input
and output, and the relevance between specific components or steps and the output.

Moreover, 30.8% of participants envisioned a solution involving a "hybrid pipeline" where people and machines
work in cooperation, providing ways of interaction such as (1) machine-generated explanations for people to un-
derstand performance, corner or uncertain cases, etc.; and (2) a feedback loop for people to provide feedback on
explanations to the system, explaining why something is right or wrong, or directly giving explanations, so that the
machine can learn from this feedback and adjust itself. Follow that line, two participants specifically mentioned the
need for iterative explanations in a conversational form. As participant M suggested, such "dynamic" explanations
could extend over several rounds, allowing users to "keep asking for more depth if they see the need." Similarly,
participant G believed that the explainable model should be able to select appropriate explanations based on the
specific use case and input data, such as rules-based, similarity-based, or visualization-based explanations.

Sub-questions for Interview Study Summary of Findings
How much human effort is leveraged in the knowledge
graph lifecycle?

Among the participants, the majority engage in manual (38.5%) and semi-
automatic (38.5%) work, while a minority (23.1%) rely exclusively on automation
for their tasks.

What is the level of understanding of the models and
techniques?

46.2% of participants emphasized the impact of opaqueness on their work and the
importance of understanding the models, while the remaining were less concerned
with transparency. All participants exhibited a high level of understanding of their
models and techniques.

Do knowledge engineers know where the data comes
from?

92.3% of participants reported knowing their data sources, which varied by
provider. Many received multi-sourced data depending on their projects.

How do people keep track of data provenance and lin-
eage?

69.2% of participants actively tracked data provenance. Participants prefer stan-
dard representations using standardized languages and vocabularies.

How do knowledge engineers evaluate the results? Most participants rely on human evaluation at varying levels to assess results.

What do people do when they find the results incor-
rect?

Human intervention is essential to addressing machine limitations in knowledge
graph construction, occurring equally across three stages: pre-processing, in-
processing, and post-processing.

How do people explain to others their models and re-
sults?

92.3% of participants have experience explaining models and results, primarily us-
ing example-based explanations. The main challenge when providing explanations
is bridging gaps in background, knowledge, and requirements between knowledge
engineers, researchers, and stakeholders.

What are practical use cases of XAI models? The interviews revealed two novel use cases: enhancing human-machine interac-
tions and uncovering previously unnoticed insights.

Do current explainable solutions meet the require-
ments for practical use cases?

The examples rarely met participants’ requirements, with only 17.9% feedback re-
sponses being positive and nearly half negative. Participants cited concerns about
informativeness, complexity, stability, and coverage of the explainable models.

What are characteristics of an explainable method that
knowledge engineers and researchers expected?

Two key requirements were identified: a confidence indicator for models, explain-
ing how confident the models are when producing results, and the use of natural
language as the explanation format.

Table 8
Summary of key findings from the interview study.

5. Explanation Design Blueprint

Based on the findings from the literature review and interview study, we propose a set of guidelines that are
consolidated into a blueprint for designing explainable solutions in knowledge engineering tasks that are both us-
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XAI Requirement Analysis

Users

Use cases

Regulations

Representation types

XAI methods 

implementation 

& update

Explanations generated 

in practical use cases

Evaluation
Metrics / dimensions

Human evaluation

Users

User feedback

Evaluation results

Fig. 6. Blueprint of the XAI method design workflow. The boxes represent key stages in the design and development process. The arrows indicate
the flow of inputs, outputs, and feedback between stages.

able and trustworthy for target users, as illustrated in Figure 6. The figure presents a workflow for designing and
maintaining XAI methods, beginning with requirement analysis and incorporating an evaluation–feedback loop to
continuously refine and update the models and techniques.

The first step in designing explainable models involves XAI requirement analysis, which collects design insights
and creates goals for explanations. Several factors must be carefully considered and investigated to capture the scope
and objectives of explainable models.

The most important factor is the users who consume the explanations. As participant A noted, "designing the
system with the users in mind" and "users are the central component." In the context of the knowledge graph
lifecycle, these users can be stakeholders, domain experts, knowledge engineers, etc. From the literature review,
only 10 works explicitly described the intended users who engage with the generated explanations, as well as their
background information. For instance, xERTE [140] reported the background information of respondents involved
in the evaluation of explanations, including their education levels. TuneR [185] specifies that the tool is designed
to support developers, including coders, scientists, and domain experts. And from the interview study, it is evident
that the design of explanations should consider the users’ level of understanding and interest in the technical details.
Therefore, user analysis should include investigating their background, particularly their technical expertise and
domain knowledge, and their expectations for the explanations, including the level of technical detail they require.
Furthermore, if the consumers of explanations are involved in collaborative work with machines, understanding how
they consume explanations and interact with models is crucial.

The second part of XAI requirement analysis focuses on the use cases of explanations. We identified six use
cases, each requiring explanations to focus on different aspects. Developers need to decide which practical use
cases the explanations will serve, which may extend beyond the six identified. For example, if explanations are
used for model debugging and adjustment, they should provide details on inner workings and contributing factors
to help identify error sources. A confidence indicator, as mentioned in Section 4.4, is also useful. If the goal is to
enhance human-AI interactions, it is recommended to design mechanisms for providing explainability at multiple
stages through collaboration and a good feedback loop to personalize the model’s output based on user input.

The third factor is the representation of explanations, which primarily depends on the task and its related input
and output (datatype, modality, or property) and user needs. For example, in knowledge extraction tasks where
the input modality is text, the context of the original input might be useful (though not necessarily sufficient) as
supporting evidence to show the relevance of the output. This needs to be combined with user analysis to determine
what "language" the user speaks, such as description logic, natural language, images, etc.

Moreover, this list of factors can be expanded to reflect real-world scenarios. Additional considerations, such as
AI regulations discussed in the Introduction, may also play a role in the requirements analysis. This analysis helps
guide the selection and implementation of XAI methods to ensure they align with practical applications.

XAI methods can then be implemented based on identified end users, use cases, requirements, and etc. After
implementing XAI methods, the workflow involves iterative loops for maintaining and continuously improving the
methods. One loop (top-right corner of Figure 6) focuses on the evaluation and assessment of explanations [204].
Evaluation methods should go beyond anecdotal evidence, selecting appropriate metrics or designing evaluation
paradigms. Another iterative loop, (bottom-right corner of Figure 6) derived from the "hybrid pipeline" requirements
in Section 4.4, aims to improve explainable models and explanations in practical scenarios. Users who consume the
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explanations provide feedback and example explanations, which can be used in various ways to enhance the XAI
model. This includes creating datasets of explanations for training and fine-tuning XAI models, providing few-shot
examples, or even abstracting improvement directions for architecture-level adjustments. Both evaluation results and
user feedback are integrated into the implementation stage, providing critical insights that guide ongoing updates
and refinements of the XAI methods, as represented by the arrows from the evaluation and user feedback stages to
the implementation and update block.

6. Conclusion and Future Work

6.1. Conclusion

In this paper, we adopted a mixed methodology, conducting a literature review on explainable methods within
the domain of KG construction and an interview study on the same topic with 13 participants to capture how XAI
methods support knowledge engineering. We performed the analysis in three dimensions, tasks related to KG con-
struction, the taxonomy of XAI methods, and the use cases of XAI methods in KG construction. We observed that
the most effort has been directed towards automation and explainability in entity extraction, relation extraction, en-
tity linking, and link prediction. Additionally, we considered the use cases in explainable automatic KG construction,
such as ML model selecting and building, ML model debugging, understanding performance and contributing fac-
tors, and managing updates. The interview study largely corroborated the considered use cases, adding new insights
and highlighting additional use cases, including enhancing human-machine interactions and providing new insights
from unexpected results. We found that the reviewed models primarily focused on explaining the performance and
contributing factors to the outcome while neglecting other use cases, such as error detection and correction, which
could help establish trust with users. The interview study revealed that while current knowledge engineering mod-
els and techniques exhibit varying degrees of automation and understanding, significant challenges remain in data
provenance, evaluation methods, and providing clear explanations to stakeholders. The current explainable solutions
often fell short of participants’ requirements, with concerns about their informativeness, complexity, and reliability.
These insights established a foundational understanding of critical transparency factors, enabling the development
of a blueprint for designing explainable methods for knowledge engineering tasks.

In summary, we addressed RQ 1 by reviewing the state-of-the-art XAI models and techniques for KG construction
and analyzing them across multiple dimensions. RQ 2 was answered through our interview study, which provided
insights into users’ perspectives and expectations. RQ 3 was addressed by synthesizing findings from RQ 1 and RQ
2, revealing a clear gap between current XAI models and techniques and user needs. RQ 4 was partially answered
by identifying key user requirements, which informed preliminary design considerations for XAI methods. We
acknowledge that additional requirements may emerge, especially in particular application scenarios.

6.2. Future Work

We identified five future directions for research on explainable automatic KG construction. First, going back to
prior literature on knowledge engineering methodologies [57, 58, 205, 206], there are many tasks and activities
where automation remains an exception. Aside from the tasks in Figure 3, there is an opportunity to think about
other ways for AI assistance to add value: for instance, one design principle of KGs is that they are meant to integrate
across multiple sources and be able to tackle evolving requirements. Reusing existing schemas or ontologies can
help with interoperability, but the task of finding or assessing an ontology for reuse is still mostly manual. At the
other end of the lifecycle, documenting KGs can help with maintenance and reuse, and advances in generative
AI make it a chief candidate for automation. While we found a range of explainable link prediction approaches,
it would be useful to dive deeper into this sub-field to understand the extent to which these different approaches
solve common concerns around the quality of KGs. One difference between representing knowledge in a KG and a
machine-learning model is that a KG can provide guarantees about the validity of the information, its provenance,
its currency, etc. upon retrieval. However, this is predicated by KGs being regularly audited according to these and
other quality dimensions and improved. Link prediction is one way to do this, alongside many others, e.g., debiasing



B. Zhang et al. / Explainable Automated Knowledge Engineering with Human-in-the-loop 27

1 1

2 2

3 3

4 4

5 5

6 6

7 7

8 8

9 9

10 10

11 11

12 12

13 13

14 14

15 15

16 16

17 17

18 18

19 19

20 20

21 21

22 22

23 23

24 24

25 25

26 26

27 27

28 28

29 29

30 30

31 31

32 32

33 33

34 34

35 35

36 36

37 37

38 38

39 39

40 40

41 41

42 42

43 43

44 44

45 45

46 46

47 47

48 48

49 49

50 50

51 51

[22]. Furthermore, while knowledge acquisition is generally well represented in the literature, a lot of work focuses
on text rather than other data modalities, which is a concern in many KG application areas, e.g., enterprise data
management (which needs to work with structured data) or cultural heritage (where a lot of domain data is neither
text nor numbers).

Second, as we noted earlier, the fewest of approaches look at the human-in-the-loop aspects of KG construc-
tion, including human agency and oversight, feedback, etc [193] and the integration of the developed models into
established knowledge-engineering practices. While there is a lot of work in human-AI interaction and interac-
tive ML in the HCI community, they tend to focus so far on simpler ML models and different applications that the
knowledge production scenarios we are interested in. One exception is the work on ORES [207], a participatory
ML system used in Wikipedia and Wikidata (a large open-source KG). However, the Wikidata KG construction pro-
cess is unique because it is community-based, with more than 24K active contributors12 who receive AI assistance
for distinct tasks such as vandalism detection and consistency checks. We need to follow their example to develop
the same types of workflows and techniques for other KG construction scenarios - in most cases, these involve
much smaller teams and different tool environments. The majority of existing integrated development environments
(IDEs) for KGs (e.g., PoolParty13, data.world14, Protégé15) assume KGs are mostly built manually, with some basic
automation to speed-up routine tasks like translating node labels or creating documentation from node and edge
descriptions. LLMs offer chances to develop novel KG editing tools and interactions, allowing people to interact
with their AI agents via natural language and ensuring transparency. Meanwhile, developers working with KGs re-
quire KG-related process blueprints that utilize AI algorithms and adhere to AI regulations for creating downstream
applications. Recent works, such as OntoChat [63], which incorporate chatbots into tasks during the requirement
engineering stage of ontology engineering, have introduced new directions for human-in-the-loop practices, driven
by AI chatbots and agents.

Thirdly, our research flagged the need for better evaluations on explanations, which encompasses metrics,
benchmarks, and datasets, as well as toolkits and guidance for conducting studies that assess how effective the
explanations supplied in KG construction tasks are as proxies and enablers for transparent and hence trusted KGs.

Fourthly, our research revealed an imbalance in the distribution of use cases identified in the study. There was a
strong emphasis on understanding the inner workings, performance, and contributing factors of models, while rela-
tively few efforts were made to address other use cases also demanded by the community, such as model debugging,
model updating, and human-AI interaction. However, our example discussions indicated that the reviewed expla-
nations often failed to meet these requirements, and participants expressed low confidence in using them in their
work or providing them to users. A future direction, reflected in our study and requested by the community, involves
adapting current explainable methods to representations and formats that are reusable across multiple use
cases.

Finally, although our research provided a blueprint for designing XAI methods, practical applications and
verification of the blueprint are missing. Given the different use cases and groups of stakeholders in a knowledge
engineering project, several details can be enriched. For instance, parts of the blueprint, such as the user feedback
loop, can be refined. Future work could investigate what formats, workflows, and feedback frequencies best prompt
users to provide high-quality explanations efficiently.
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