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Abstract—Knowledge acquisition is crucial for gathering and
managing a company’s knowledge, especially when creating
systems that support business activities. Typically, this process
involves a close collaboration between domain experts and knowl-
edge engineers. While it is traditionally driven by the knowledge
engineer, the role of the domain expert has steadily evolved from
a mere source of knowledge to that of an active partner. In this
paper, we introduce a new knowledge acquisition methodology,
named Joint Interactive Modelling, which covers all stages of the
knowledge acquisition process while placing the domain expert
at the centre of the action. We describe this methodology, the
tools developed to support it, and an evaluative case study.

Keywords-knowledge acquisition; user-centred design; knowl-
edge representation formalisms and methods.

I. INTRODUCTION

Knowledge acquisition is often approached as a one-off
project, aimed at collecting the knowledge of a domain expert
(hereafter referred to as ’the expert(s)’) at a specific point in
time. Although this view has been partly relaxed by organizing
the knowledge acquisition efforts in cycles similar to agile
project management, it still inherently fails to recognize the
dynamic aspect of knowledge in a learning organization. In
such organizations, knowledge creation and communication
are part of the day-to-day activities. As a result, knowledge
is decentralized and much of the knowledge exchange is not
purposely planned. Knowledge acquisition techniques that fail
to recognize this, will almost inevitably lead to knowledge
models that become quickly deprecated, as well as the systems
that are based on it.

Fortunately, the original idea of an expert as a “barrel” of
knowledge that should be “tapped” by a Knowledge Engineer
(hereafter referred to as KE or engineer) has since shifted
towards a more inclusive view in which the expert and the
engineer collaborate to formalize the sought-after knowledge.
Nevertheless, the engineer still plays a crucial role in the
knowledge acquisition activity, as they are the ones that
translate the domain knowledge into formal models. This
has two major disadvantages. First, it is difficult to keep the
knowledge up-to-date, as there is the need to always involve a
engineer to update the model. Second, there may be frequent
misunderstandings between expert and engineer, as one is not
familiar with the modelling formalism and the other is usually
not acquainted with the domain.

In this paper, we present Joint Interactive Modelling (JIM),
a knowledge acquisition methodology that supports the entire

knowledge acquisition process, from elicitation to formaliza-
tion and prototyping, and places the expert at the centre. The
methodology that we present in this paper has been developed
over the course of several use cases, where the various
requirements of the different use cases prompted us to develop
different parts of the methodology. The key contribution of this
paper is that we bring all of the different components together
into a single coherent description of the whole JIM approach,
situate it within the knowledge acquisition literature, and do a
first comparative case study comparing traditional interviewing
and JIM.

This paper begins with a related work section, where we
explain some fundamentals of knowledge acquisition. Next,
in Section III, we introduce the JIM method. The tools and
methodology to use JIM in practice are described in Section
IV. Then, in Section V we describe how we evaluated our
method. Finally, the paper concludes in Section VI.

II. RELATED WORK

A. Knowledge acquisition process

There is no single accepted definition of knowledge acqui-
sition, and different authors discern different stages. In this
paper, we follow the definition of Leu et al. [1], who iden-
tify three steps: i) knowledge elicitation, or the formulation
of knowledge by experts, ii) knowledge explication, or the
analysis and interpretation of the elicited knowledge by an
engineer, and iii) knowledge formalisation, or the modelling
of the explicated knowledge in formal models by the engineer.
This process can be executed in multiple cycles, during which
typically different kinds of models are created [2].

As a first description of the elicited knowledge, the engi-
neer creates a phenomenon model. This is a model that is
understandable for the expert, and should be validated by
them. This model often has the form of a natural language
description, possibly enriched with tables or diagrams.After
the phenomenon model is validated, the engineer will further
engage in analysis and modelling to create the information
model, that aims to communicate the requirements of the
application to the programmer. This model often contains
blocks of pseudo-code, entity relationship diagrams, etc. After
a third round of analysis and modelling, the computer model
that forms the application, is created by a programmer. With
the creation of each model, there is a risk of misunderstanding.
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For knowledge elicitation, a plethora of techniques exist
(going into the hundreds according to [1]), from interviews
over observation to protocol analysis and more. There exist
many differences between them, as well as a variety of ways
to classify them. One common classification is based on the
differential access hypothesis. This hypothesis states that the
elicitation method determines the kind of knowledge one
obtains [3]. Hence, methods can be classified according to
their information output. One explanation for this is that the
elicitation method impacts the reasoning strategy of the expert,
who as a result focuses more or less on specific aspects.
Another argument states that some knowledge is implicit or
tacit, and experts will not be able to verbalise it unless an
adapted elicitation method is used [3]. For example, in the
field of software development, prototyping is a widely used
way of eliciting requirements, because users typically do not
have a good idea of what they need prior to seeing and testing
the prototype [4]. Prototypes can be divided in throwaway and
evolutionary prototypes. Throwaway prototypes have the sole
purpose of gathering feedback and are discarded afterwards.
Evolutionary prototypes are used when users already have
a good idea of what they need, and the prototype gathers
additional functionalities or knowledge that are iteratively
added [4].

Other classification methods do not solely focus on knowl-
edge elicitation techniques but on knowledge acquisition
techniques in general, and classify them according to the
knowledge acquisition phase they support. Leu et al. [1] in-
vestigated 21 knowledge acquisition methods for their support
in each of the three knowledge acquisition phases. Some
of the techniques support mainly one phase, such as verbal
reports (elicitation), protocol analysis (analysis), or diagram-
ming (representation), whereas other techniques support two
phases, such as cognitive demands table (elicitation, analysis)
or psychological scaling (analysis, representation). Currently,
no method supports all knowledge acquisition phases.

Importantly, none of the classifications elaborates on the
role of the expert in the knowledge acquisition process. At
the emergence of knowledge acquisition as a separate field,
experts were mainly seen as barrels of knowledge, that could
be tapped by engineers [1]. The experts played a passive role
in the process, by which they were seemingly unaffected.

Soon after, a transactional view on knowledge acquisition
was proposed, as it became apparent that the transmission of
knowledge is an interactive process in which the expert plays
an active role [1]. Engineers may ask questions that the expert
cannot answer. By searching the answer, the knowledge of
both the engineer and the expert grows [5]. This is also called
the co-creation of knowledge.

To go one step further, other researchers envisioned a knowl-
edge acquisition process without any engineer’s involvement at
all [6]. Some tools were developed to support experts in these
efforts [7][8], but this has not led to a widespread adoption
of the approach. Although it seems unrealistic to completely
remove the engineer from the equation, there is a clear trend
towards a larger and essential role of experts in the creation

of knowledge models. JIM aligns with this trend, and offers
the additional advantage of supporting the entire knowledge
acquisition process.

B. Knowledge Base Paradigm

Knowledge acquisition is important in the area of Artificial
Intelligence (AI) focusing on knowledge representation and
reasoning. In our work, we focus mainly on the creation of
Knowledge Base Systems (KBS), i.e., Al systems that follow
the Knowledge Base Paradigm (KBP) [9]. This paradigm
emphasizes a strict separation between the description of
domain knowledge (captured in a Knowledge Base (KB)),
and how it’s put to use by inference algorithms. The KB
contains knowledge in a computer-readable format, often in
a language that is based on formal logic. Importantly, this
domain knowledge is declarative: it does not specify how
certain tasks should be performed, but only what knowledge
exists in the domain. This allows inference algorithms to
be used independently of the domain, making the KB more
maintainable and inferences more flexible across domains.
Knowledge acquisition is at the same time indispensable, yet
also the bottleneck, for the creation of the KB [0]. Therefore,
the development of suitable knowledge acquisition method is
an important factor for the development of KBSs.

C. Technology acceptance and usage

One common challenge in the introduction of new sys-
tems is the willingness of intended users to accept and use
them. More than 80% of software projects are “‘challenged”
or fail [10], which can be partially explained by the lack
of change management and user acceptance of the system.
Venkatesh et al. [11] propose a Unified Theory of Acceptance
and Use of Technology (UTAUT), in which they quote four
causal factors that determine the usage of applications: the
user expectation on how the application will perform, the users
expectation on the effort it will take them to use the applica-
tion, social influences on the user and facilitation conditions.
Turan [12] expands this model by placing it in an overarching
theory. Relevant to understand the impact of JIM are the
two factors that Turan recognises as preceding the UTAUT,
namely personal innovativeness and user involvement. The
JIM method puts the experts, who are typically also the users,
central in the knowledge acquisition and application creation
process. Moreover, the method aims explicitly to promote
ownership of the knowledge base by experts.

III. JOINT INTERACTIVE MODELLING

JIM is a methodology for interactive KB creation. It replaces
the typical three-step approach of knowledge acquisition with
by single iterative process, in which an expert and an engineer
jointly express, analyse and model the domain, all the while
validating the resulting model to ensure correctness.

The KB contains domain knowledge on a given topic. The
methodology does not focus on inference knowledge (how
the domain knowledge can be used), or task knowledge (how
inferences can be combined to execute a complex task) [13].
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The KB that we envision exists of an ontology (which vari-
ables are manipulated), rules and constraints that determine the
relation between these variables (e.g., [14][15]). This allows to
represent knowledge in a broad area of domains: legislation,
tax, investment profiles, adhesive selection, component design,
planning and scheduling, game rules, electric circuits, (dots.
As we focus solely on domain knowledge, the model should be
epistemologically correct, allowing different ways of reasoning
over it.

JIM is performed in workshops in which at least one expert
and one engineer participate, although the inclusion of multiple
experts has the advantage of covering a more complete view on
the domain and aligning company practices [16]. Workshops
follow a fixed pattern, as shown below, with step 4-5 repeating
until the desired level of detail is reached.

o Step 1: Workshop introduction: explain goal application,
system architecture and the modelling language

o Step 2: Scoping of the domain: determine the scope of
the domain to be described in the knowledge base.

o Step 3 (optional): Composing high-level insight in the
decision/constraint structure

o Step 4: Interactive discussion in which the engineer asks
questions and steers the discussion. The expert shares
their expertise. Together the engineer and expert add new
knowledge to the model.

o Step 5: Validate the new knowledge and its integration

o Step 6: Releasing the model

By jointly creating the knowledge and validating frequently,
JIM emphasizes actively including the expert in the knowledge
formalization. The main idea is that experts should keep
ownership of the knowledge model that is at the heart of
an application, and should be able to maintain it, even after
the engineer is gone. Therefore, a distinguishing feature of our
method is the use of a common modelling language shared
between the expert and the engineer, resulting in a single
knowledge model that can be read, understood and maintained
by both parties.In this way, using a common knowledge model
decreases the cost and risks associated with the traditional
creation of different types of models.

To support all this, we need a modelling language that
supports users in their analysis of the domain, in order for the
different employee roles to develop a common understanding
of it. Moreover, it should be straightforward enough to be
understood and used by everyone involved without extensive
training effort. At the same time, the language cannot be too
simple, as it should be sufficiently expressive to capture the
complexity of the domain. Finally, in line with the differential
access hypothesis, the model should allow for interactive,
evolutionary prototyping. The prototype will support the
users most in their knowledge acquisition if it is able to
give real-time feedback, offers understandable and detailed
explanations of outcomes and errors, allows high user-control
of the workflow, has a clear and understandable interface,
and can run simulations. In this way, it can not only validate
the modelled knowledge, but also highlight gaps and support
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Figure 1. DRD and decision table extract for component design.

additional elicitation.

IV. EXAMPLE IMPLEMENTATION

The previous section gave a theoretical description of JIM
as a methodology and the requirements of the modelling
language. In this section, we briefly elaborate on the practical
approach. Given that steps 1-3 and 6 are quite straightforward,
we choose to focus on step 4 and 5 by describing a concrete
modelling language, and an interactive method for knowledge
validation.

A. Constraint Decision Model and Notation

An example of a language that can be used for JIM, is the
Decision Model and Notation (DMN) [18], published by the
Object Management Group (OMG). In their words, DMN aims
to “provide a common notation that is readily understandable
by all business users, from the business analysts [...] and
businesspeople to the technical developers [...]”. In DMN,
decisions are represented in straightforward decision tables.
The relations between the different decision tables can be
visualised in a decision requirements diagram (DRD), which
visually shows the structure of the domain.

Figure 1 shows a DRD for the design of a component, and
an extract of the decision logic for “Body Material”. The hit
policy “U” (left on the second row) means that all rows in this
table are mutually exclusive, and at most one rule may apply.
The green columns are inputs, the blue column is the output.

One limitation of DMN is that the tables only express rules:
based on the inputs, an exact output is defined. For instance,
it is not possible to exclude a value, or to leave a value open.
This makes it difficult to capture more complex knowledge.
To overcome this limitation, we have extended DMN with
constraints, in a notation called Constraint Decision Model and
Notation (cDMN) [19]. cDMN uses the same user-friendly,
tabular format, but also adds the ability to express constraints
and some other related concepts. For example, the MaxT
constraint table in Figure 2 expresses that if a component
is used, the environment temperature must be lower than the
maximum temperature in which the component can operate.
Here, the E* (Every) hit policy denotes a constraint table.
This differs from a standard decision table in two main ways:
a constraint table does not need to be complete, and does not
need to specify an exact output value but can instead also
specify ranges, negations, and more.
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Figure 2. cDMN table for Max T constraints

Besides constraint tables, cDMN also introduces other func-
tionalities to make it easier to express complex knowledge,
such as quantification, predicates, functions, and data tables.
In summary, the goal of cDMN is to maintain DMN’s user
friendliness tabular format, while increasing its expressiveness
in order to capture and represent more complex information.
For more information on cDMN, including its semantics and
some examples, we refer to [19].

B. Interactive Consultant

The second aspect of the JIM methodology is the ability
to quickly and effortlessly generate prototypes. We use the
IDP-Z3 reasoning engine [14] with its Interactive Consultant
(IC) [20] interface for prototyping based on (c)DMN models.
Behind the scenes, the (c)DMN model is automatically trans-
lated into a first-order logic based KB, after which IDP-Z3’s
generic inference algorithms allow reasoning over the KB.
Among others, IDP-Z3 supports (1) verifying if a solution is
possible, (2) generating solutions, (3) deriving consequences,
(4) explaining why something is correct/false, and more. The
IC is a generic interface for IDP-Z3: given any syntactically
correct knowledge base, the IC will generate a view in which
each symbol of the knowledge base is represented in a tile
layout, as shown in Figure 3. Each of these tiles then allows a
user to toggle on or off specific values for the symbols, which
causes to system to automatically compute the consequences,
and displays them. In this way, the IC offers a way of
interactively exploring a problem domain: it gives users the
opportunity to “play around” with the knowledge, and to see
what effects some design choices might have.

V. EVALUATION: OPTICAL LENS EMBOSSING

So far, JIM has been successfully applied in two real-life
case studies: (1) the selection and design of highly-specialized
components [17], and (2) the selection of an appropriate
adhesive for industrial applications [21][0]. Although this
already demonstrates the practical usability of JIM, we now
present for the first time a comparative case study to evaluate
specific claims.

This case was conducted with the Photonics Lab at the
Vrije Universiteit Brussel and concerns the embossing of
lenses. The embossing process consists of five steps, going
from pre-heating the material, to heating, embossing, cooling,
and finally de-moulding the lens. During each of the steps,
different parameters can be used with regards to temperature,
time and pressure. After a lens is created, it is visually
inspected by a highly-trained expert. Typically, the lens will
show some deficiencies in the first trials, mostly scratches and
shrinkage. The operator will go through a multiple trial tuning
process, until the lens is visually perfect. After that, a scan of

the lens is taken to measure if the dimensions of the lens are
as required. Typically, two to three additional adjustments are
necessary to achieve acceptable accuracy. The purpose of the
workshop was described upfront as “...to create a knowledge
base that helps users to identify the current quality grade of a
lens and what to do to improve the current quality” based on
the visual quality inspection (i.e., without scan measurement).

a) Methodology: Our aim is to compare JIM with the
traditional knowledge elicitation method of structured inter-
viewing, by applying both methods to the same task of creating
a knowledge base for the lens embossing domain. We want
to compare both the resulting KBs and the modelling effort
needed to construct them. In particular, we have the following
working Hypotheses (H) about the relation between JIM and
structured interviewing:

HI1. The modelling effort using JIM is lower.

H2. The knowledge base resulting from JIM is more correct.
H3. Experts better understand the knowledge model that has
been created with JIM.

Experts feel more involved with JIM.

Overall, experts are happier with the outcome and pro-
cess of JIM.

To answer these questions, we organized two separate
workshops on the same day, with the JIM workshop taking
place in the morning, and the structured interview workshop
in the afternoon. Both workshops were attended by the same
two experts and the same observer. Both experts have an
engineering background, with expert 1 being a computer sci-
entist, and expert 2 a mechanical engineer. The JIM workshop
was led by engineer KEI, and the structured interview by
KE2. In both workshops, the same artifacts (lenses, reports,
lab infrastructure) were used. The workshops both lasted 114
minutes, excluding the visit of the lab that was done with KE1
and KE?2 together.

b) Results: The outputs from workshop 1 are a DRD
and a set of decisions/constraint tables. The output from
workshop 2 is a KB in the FO(-) format, which is the “main”
input language for IDP-Z3 but is regarded as too difficult for
people without a computer science background. Both KBs are
syntactically sound, and can be loaded into the IC interface.
However, for IP reasons, we are not allowed to completely
share these outputs.

H1 Modelling effort. Our hypothesis is that the overall
knowledge acquisition effort required to construct a given
KB is lower when using JIM than when using traditional
modelling methods. The setup aimed to produce comparable
KBs from KE1 and KE2 to allow a direct comparison of
knowledge acquisition time. However, when comparing the
KBs, it became clear that despite efforts to clearly define the
scope up front, KB2 is much more detailed than KB1. Hence,
it is not possible to compare total knowledge acquisition times.
Both workshops lasted 2 hours, but the traditional method
required another 1.5 hours to finish KB2 afterwards. Since
we cannot determine how much additional time JIM would
have required to reach comparable detail, the results remain
inconclusive with respect to this hypothesis. We can infer that

H4.
HS.
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Figure 3. The IC interface for lens embossing, created with JIM

TABLE I. COMPARISON OF KNOWLEDGE BASES OBTAINED BY JIM AND
BY SEMI-STRUCTURED INTERVIEWING

Component JIM Interviewing
types 3 10
possible values 10 42
predicates 11 11
formulas 9 27
process parameters 4 11
process steps 3 5

for a KB of similar detail, the traditional approach would
have required less expert time than JIM in this specific case;
however, this finding is trivial, as JIM is explicitly designed
to involve experts throughout the modelling process.

H2 Knowledge base correctness. Deciding on the cor-
rectness of a knowledge base is not trivial: even when using
the same knowledge acquisition technique, different modellers
can end up with differently formalized knowledge, due to
personal preferences for readability, performance, potential
expandability, etc. Table I compares some characteristics of
the KBs. The main difference is that the KB elicited by the
interview method is both larger (in terms of the number of
symbols and formulas) and broader in scope (in terms of the
process parameters and steps). The validation with the experts
did not reveal mistakes in either KB.

H3 Understanding the KB. A key element of JIM is that
users should be able to understand and validate the KB. Ide-
ally, they should be able to extend and adapt it to reflect new
knowledge. To test this, we organized a validation workshop
with the experts. This was a two hour meeting with the experts,
the two engineers and the observer, in which both KBs were
discussed. During the session, each engineer explained the
structure of their KB (15 min.), and the correctness of the KB
was discussed (25 min.). To test the expert’s understanding, we
asked them to add an additional (fictitious) phase to the model
of the the embossing process (~20 min.). Afterwards, the ex-

perts filled questionnaires for both the JIM and the interview-
based method (~20 min.). Our aim was to detect differences
in attitude towards both modelling methods and the resulting
applications. Surprisingly, both experts gave almost the same
answers for both methods: only the statement “my interaction
with the system would be clear and understandable” received
from one respondent a score 4 (out of 5-best) for JIM method
versus a score 5 for the interview method.

Both experts were able to adjust the model with minimal
help. There was no difference observed between the modelling
in cDMN and the modelling in FO(-). In the survey, one expert
indicated a full understanding of the knowledge model, both in
c¢DMN and in FO(+). The second expert indicated to understand
the structure and some tables/sentences of the KBs, but not
to the extent that they would feel comfortable explaining it
to a colleague. In conclusion, our experiment does not show
a difference in expert understanding between the cDMN KB
versus a FO(-) KB.

H4 User involvement and H5 general appreciation. On
top of our own survey, we used the UTAUT survey to probe
for the application acceptance. Using scores from 1 to 5 and
changing directions for negative questions (19, 27, 28, 29),
the average score (on 5) is 4.025 for JIM and 4.041 for the
traditional modelling approach. These high numbers confirm
the positive expert feedback in the other survey, but differences
are too small to draw further conclusions on differences
between JIM and traditional modelling.

c) Discussion: The purpose of this study is to compare
two knowledge acquisition methods on the same domain,
in order to avoid distortion by different domain or task
complexity. The case is big enough compared to real life use
cases (e.g., [22] describes real-life investment profiles in 20
rules), yet small enough to be covered in a 2-hour workshop.
Nevertheless, the described setup shows some shortcomings.
Because a lack of experts with similar expertise, the same
experts were used for both workshops, potentially creating a
learning bias. Because the study involved only two experts,
the results may not be generalizable to other contexts. As
expected, less time is required to create a KB with JIM, be-
cause knowledge elicitation, analysis and formalization happen
during the workshop. In the traditional modelling method, the
time of the workshop was used for knowledge elicitation only,
and modelling happened subsequently by the engineer. It is
to be noted that an iterative approach using JIM may lead
to an additional refactoring effort after the workshop, e.g., if
it becomes clear halfway through the workshop that initial
modelling choices were not optimal for the further detailing
of the model. That would lead to additional modelling time,
which may shed another perspective on the time difference.

In this use case, the JIM KB is smaller than the one created
by traditional modelling. Further evaluation on the timing to
create KBs of comparable scope is required to assess if the
overall input-output effect of the two methodologies. The main
difference between the methods seems to be the scope of the
resulting model, which is more focussed in JIM than in the
traditional modelling approach. The aim of the workshop was
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to model the tuning process. Whereas KE1 modelled potential
changes, KE2 also modelled the size of the change, and the
quality level required to determine which size is relevant. The
JIM KB gives the possibility to tune 4 process parameters in 3
process steps, whereas the interview KB shows 11 parameters
in 5 process steps. In the latter, there is an additional relation
that shows which actions have already been taken in the
tuning process; this introduces a temporal element that reflects
the iterative nature of tuning. This indicates that the tuning
support itself is more fine-grained as result of the traditional
method. Although this difference may be attributable to the
difference in modelling time, another possibility is that the
JIM method itself fosters a more focussed approach. Expert
detours or overly detailed extensions are avoided by re-
centring attention to the constraint tables. This is in line with
earlier experiences ([17][21]), and with the differential access
hypothesis, that states that different knowledge acquisition
techniques result in different knowledge outputs. However,
further experiments are needed to draw definitive conclusions.
No difference was observed for user understanding of the KB.
As cDMN was explicitly created to improve user-readability,
this is a surprising outcome. A relevant follow-up question,
therefore, is whether such a difference would emerge in the
context of larger KBs, and if so, from which size on this
is the case. Another question is whether the background of
the experts, who are familiar with formal modelling, may
explain the lack of difference: as cDMN was developed as
a user-friendly modelling language for non-technical experts,
its full advantages may only become apparent when evaluated
within this target group. Alternatively, it is also plausible that
the result is not linked to methodological shortcomings, but
point to more fundamental issues in the current application of
JIM. For instance, the assumed readability of cDMN represen-
tations may not hold in practice. Or JIM may be less effective
when the engineer exerts a high degree of control over the
elicitation process, suggesting that greater direct involvement
of experts in model construction may be necessary.

VI. CONCLUSION AND FUTURE WORK

JIM is a new method to formalize knowledge. It distin-
guishes itself from traditional knowledge acquisition methods
by its user-centric approach and its emphasis on seamless
prototyping. The knowledge acquisition process is traditionally
seen to consist of 3 stages with distinct roles for the expert and
the engineer. However, this approach ignores companies’ need
to continuously update their knowledge and carries an inherent
risk of misunderstandings. In JIM, the expert and engineer
together create a unique, executable knowledge model and
prototype application. By evaluating this interactive prototype,
new requirements or missing parts of knowledge can be added
to the knowledge model according to the same principle.

As an example, we have introduced the user-friendly cDMN
notation in conjunction with the Interactive Consultant and the
IDP-Z3 reasoning engine for prototyping. We compared JIM
with a traditional modelling approach in a use case on lens
embossing. The experts found the cDMN model equally easy

to read and use as the formal logic model. This prompts future
work on readability of the cDMN notation across different
expert profiles to test the hypothesis that the engineering
background of the experts may be a mediating factor.

The main differences between the methodologies appeared
in the time required for knowledge acquisition and in the scope
of the model, which show an inverse relationship. The question
is whether this relationship is causal: is a JIM model more
focused simply because less time is spent on modelling, or
does the method place less emphasis on intangible knowledge
and therefore provide less access to the finer intricacies of
the tuning process, thus allowing the work to be finalised
more quickly? Consequently, further empirical investigation
is required to disentangle these factors and to determine the
precise causes underlying the observed outcomes.

To this end, we are currently in discussion with a board
game club to engage its members as experts. The task would
involve formalizing the rules of a given board game with
which the engineers are unfamiliar. This setting offers several
advantages: the rule set constitutes a well-scoped domain
with real-world relevance, and the quality of the resulting
knowledge base can be validated against the game’s written
rules. By collaborating with a board game club, we aim to
involve approximately ten members with diverse professional
backgrounds, who can be evenly split between the JIM ap-
proach and a traditional interviewing methodology.
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