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Abstract. During the last years, there are multiple approaches to adapt
Case-Based Reasoning to other domains than usually used before. Never-
theless, starting to develop a working Case-Based Reasoning system with
the known issues of how to inilialize a well-structured knowledge base
and especially how to gather the required knowledge seems to be an issue.
On top, the user’s acceptance of decisions made by artificial intelligence
agents is more skeptical than welcoming. Therefore, plausible explana-
tions have to be generated for each decision made so that the user can
develop trust in these. The problem is to determine how much knowledge
in the given domain is actually needed to acl as a trustworthy adviser
and in general how to structure the explanation so that it will be accepted
by the user. When building up a new explanation-aware CBR system, the
process itself of creating this system should be capable of explaining itself.
On top, the resulting CBR system should also be able to offer explana-
tions.
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To enter a new world, making the first step into unknown terrain is never easy.
But still, the range of possible domains and application areas where case-based
reasoning can be used is huge. Some of those fields are comprehensibly more
important to us, e. g. the medical area which is under constant development. To
be able to set up a diagnosis with given symptoms as input is the most obvious
application for a commonly accepted knowledge-management methodology. In
2016, N. Choudhury and S. Begum presented an overview of CBR-Systems used
in the medicine domain, published in the ITACSA['] [6]. There are multiple other
well-researched fields which are particularly pointed out by A.Goel and B. Diaz-
Agudo [8]. But there are also many other — lesser researched — fields with rising
interest in development, e.g. CBR in real-time strategy games [5/17], specific
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areas on I'T-security and even temperament and mood detection using case-
based reasoning (2. Besides the well-known issue of how to effectively gather and
store knowledge in an easily maintainable way , the users acceptance of the
systems given diagnosis is crucial. In a recent user-study, Binns et al. inves-
tigated the acceptance of data-driven decision making in the health assurance
domain using case-based reasoning (besides sensitivity-based explanation and
other approaches), which led one of the interviewed students to the conclusion:
‘If you know it’s on the back of an algorithm, it would incentivise people to work
out how to game the algorithm, to find out what the algorithm is exactly doing’ —
CS |4l p. 8]. The claim is not to solve the Turing-test [18], but to move the focus
on generating user-acceptable explanations. The amount of papers published,
which are dealing with explanation-aware computing, is rising recently [11] —
particularly because of the European Union regulation on algorithmic decision-
making and a “right to explanation” Eﬂ, which has been summarized by Good-
man and Flaxman. This regulation forces algorithms to be transparent so that
users can follow or at least understand the decision-making process, thus among
other, supporting the right to non-discrimination. This forces existing systems
to receive an overhaul in their current implementation and possibly to open up
new application domains to case-based reasoning or, more precisely, case-based
explanation. There are two possible starting points: Either there is an existing
algorithmic decision-making process where it’s reasoning process has to become
visible to the user, or in the domain does not exist any explanation-aware pro-
cess or system at all.

Given there is such an existing system, it has to be decided in which way the
explanation will be provided - depending on the domain, application, and user in
question. There are at least three different types of explanations: textual, seman-
tic relations, and graphical representations. The transformation from the given
state (i.e. simple debug-messages, verbose mode, ...) to an actual explanation
has to be revised by the knowledge engineer inhibiting the technical knowledge
and an expert inhibiting the domain knowledge. Given there is a number of ex-
perts willing to share their expertise, there needs to be a measurement on when
“enough” knowledge is remaining in the system. As a side-effect, it could also
lead more experts to willingly share parts of their knowledge without the feeling
to be replaced by an Al. The view should not be limited on cases (as evaluated
by Leake and Wilson and suggested by Smyth [16]). Instead, additional
components which also take effect in generating an explanation (i.e. adapta-
tion rules and the used similarity measure) should be manipulated and then the
different output of explanations has to be observed. How does the explanation
change and is it still a valid explanation given the current situation? Followed
by an evaluation process to see if reducing the number of cases or the number
of adaptation rules has a larger effect on the output, the approach is to find the
lowest boundary for generating a valid explanation.
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Given there is no such system, the problem arises in building a case-based and
explanation-aware system with the desirable feature to explain its own building
process. A possible starting point is to determine a case structure, using reports
of experts with statements on their domain and comparing these to extracted
text results - filtering out keywords and use them as a case attribute. If possible,
similar domains could also be considered. Another knowledge extraction point
could be existing process models: Identifying key process elements and which
attributes are used could be used to identify pivot elements. One problem is to
build up an initial knowledge structure to provide a very basic explanation. This
can be retrieved e. g. through networking /communities, FAQs, Wikis to build up
on a basic core functionality. Even if there are networking communities where it
might be possible to deploy a web-crawler and build up a knowledge base, legal
concerns has to be respected. To be more precise, the General Data Protection
Regulation in Europe applicable since May 25" 2018, restricts the usage of data
gained by mentioned web-crawlers without the creators permission .

The advantages of a system which is explaining its own building process is
dependent on the domain and the targeted user. In the following, the aircraft
domain is the domain to be considered and the system is supposed to support
an intern knowledge engineer with the knowledge management when creating a
maintenance routine for a new type of air plane. The aircraft domain in gen-
cral is a very technical domain with a lot of structured information in form of
attribute-value pairs, taxonomies and ontologies. The complexity comes with the
“hundreds of components, which consists of dozens of systems, which contains
dozen of indwidual parts, called Line Replacement Units (LRU)” . Using
the correct vocabulary and similarity measures, these information can be stored
as cases and thus be used by a CBR-system. Since to generate an explanation
there needs to be at least some knowledge, rule-based and model-based knowl-
edge which can be retrieved from manuals etc. seems to be a valid starting point
as a baseline of a explanation-aware system. Using this way, physically impos-
sible combinations of components can be excluded and a explanation why they
are not possible generated. Having a first set of core functionality, the more
challenging part has to be considered: When should which knowledge be added
to the system and especially: Why? The motivation in general to split up the
development of the explanation-aware CBR, system can be viewed similar to
the motivation of software product line engineering: Reduction of development
costs, enhancement of quality and that customers get products adapted to their
needs and wishes . In the aircraft domain, a product line can be the start
of introducing a new air plane type to the air plane fleet. Since there can not
be any practical experience when building a new air plane type, it is crucial for
a cost-effective introduction to exclude as many failure risks as possible. This
is the entry point for an explanation-aware CBR system. As stated above, the
core functionality and knowledge containers need to be expanded so that valid
and trustworthy explanations can be offered. Additional sources of knowledge
are free texts of aircraft incidents and reports written by maintenance techni-
cians or other staff members. To retrieve the knowledge out of free texts, the
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framework FEATURE-TAK has been developed by P.Reuss - a Framework for
Extraction, Analysis, and Transformation of UnstructuREd - Textual Aircraft
Knowledge which combines several methods from natural language processing
and CBR . This framework consists of five layers to store domain specific
informations like abbreviations and technical phrases which can be accessed by
other components i.e. software agents. The workflow is processed by multiple,
distributed agents and coordinated by a central supervisor agent. To support
the knowledge engineer, eight tasks are completed automatically ranging from
phrase and keyword extraction, identifying synonyms and hypernyms to a simi-
larity assessment and sensitivity analysisﬂ The knowledge engineer will then be
offered a suggestion to add the retrieved knowledge, but without an explanation
why the framework has come to this decision. Either way, the knowledge engi-
neer has to do a consistency check and stores feedback on the process instance.
This could be supported by a process on evaluating the current state of knowl-
edge and if this retrieved piece of knowledge has actually a positive effect on
the system if stored in the case base. While considering this, the STAM method-
ology presented by T.Roth-Berghofer improves the CBR cycle by adding
two more steps, review and restore, which are triggered after the retain step. He
distinguishes between an application phase (first three R’s) and a maintenance
phase (retain, review, restore). This is important for the maintenance, because
in the original CBR cycle was no way to maintain the knowledge when the en-
vironment changes . This is especially important for explanations, because
they are building up on the current knowledge and it is crucial to be able to
review the current state of knowledge (as the added review-step does).
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