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Abstract. In the past decade, trustworthy Artificial Intelligence (AI) has emerged as a focus for the AI community to ensure
better adoption of AI models, and explainable AI is a cornerstone in this area. Over the years, the focus has shifted from building
transparent AI methods to making recommendations on how to make black-box or opaque machine learning models and their
results more understandable by experts and non-expert users. In our previous work, to address the goal of supporting user-
centered explanations that make model recommendations more explainable, we developed an Explanation Ontology (EO), a
general-purpose representation, to help system designers, our intended users of the EO, connect explanations to their underlying
data and knowledge. This paper addresses the apparent need for improved interoperability to support a wider range of use cases.
We expand the EO, mainly in the system attributes contributing to explanations, by introducing new classes and properties to
support a broader range of state-of-the-art explainer models. We present the expanded ontology model, highlighting the classes
and properties that are important to model a larger set of fifteen literature-backed explanation types that are supported within the
EO. We build on these explanation type descriptions to show how to utilize the EO model to represent explanations in five use
cases spanning the domains of finance, food, and healthcare. We include competency questions that evaluate the EO’s capabilities
to provide guidance for system designers on how to apply our ontology to their own use cases. This guidance includes allowing
system designers to query the EO directly and providing them exemplar queries to explore content in the EO represented use
cases. We have released this significantly expanded version of the Explanation Ontology at https://purl.org/heals/eo and updated
our resource website, https://tetherless-world.github.io/explanation-ontology, with supporting documentation. Overall, through
the EO model, we aim to help system designers be better informed about explanations and support these explanations that can
be composed, given their systems’ outputs from various AI models, including a mix of machine learning, logical and explainer
models, and different types of data and knowledge available to their systems.

Keywords: Explainable AI, Semantic Representation of Explanations, Explanation Ontology, Modeling Explanation Types - AI
method outputs and knowledge, Supporting Patterns for Explanation Types

1. Introduction

The uptake in the use of Artificial Intelligence (AI) models, and machine learning (ML) models in particular,
has driven a rise in awareness and focus in explainable and interpretable AI models [1, 2]. The diverse require-
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ments around explainability point to the need for computational solutions to connect different components of AI
systems, including method outputs, user requirements, data, and knowledge, to compose user-centered explanations,
both for system designers and the consumers of the system, or, end-users or users in general. These requirements
present opportunities that play well to the strengths of semantic technologies, particularly ontologies and knowledge
graphs (KGs), that can represent entities and relationships between them for either reasoning or querying to sup-
port upstream tasks. A semantic structuring of the explanation space and its contributing attributes can help system
designers support the requirements for explanations more efficiently.

Previously, we proposed and developed an Explanation Ontology (EO) [3] that provides a semantic structuring
for the entities that contribute to explanations that account for attributes of explanations from a user, interface, and
system perspective. However, with the ever evolving explainable AI research landscape, we found value in expand-
ing the EO model to include additional requirements and support more use cases. The additional requirements were
partially motivated by papers from several researchers [4, 5] who posit that different classes of users have different
requirements for assistance from AI systems. These translate to further questions that users want answered. Exam-
ples include additional evidence over model explanations and decisions that provide scores for domain experts and
more data-centric explanations of the dataset and method capabilities for data scientists. Further, several taxonomies
of machine learning explainability methods [6, 7] offer guides for how different classes of methods can support
model-centric classifications of explanations. However, what is lacking is a tool for system designers, who build and
design explainable interfaces from the method outputs, to go from these method outputs to explanations that can
address their user questions. Hence, within additions to the EO, we capture the capabilities of various AI methods
including explanation methods and their ability to support literature-derived explanation types. We aim to support
system designers who through the use of the EO can determine what explanations can be supported from the method
outputs, datasets and knowledge stores at their disposal and plan for explanations that their use case participants
would require.

In this paper, we describe the EO model, a general-purpose semantic representation for explanations, in detail.
We first outline the core EO model that includes the main classes and properties that users need to model their
explanations. Then we demonstrate how the EO model can be used to represent fifteen literature-derived explanation
types. We then describe how the ontology can be used to represent and infer different explanation types in various
AI use cases where model outputs are already present. With these goals, we divide the paper as follows. In Sec. 2,
we present an overview of the related work where semantic representations of explanations have been attempted,
and describe how they either do not use standard formats, or do not capture all the components that explanations
are dependent on. Then, in Sec. 3, we present the EO model, with an emphasis on the main classes and properties,
a deeper-dive into the AI method and explanation branches, and a description of how the EO model is used to
represent sufficiency conditions for the literature-derived explanation types that we support. With this background
of the EO model, in Sec. 4, we show that the EO can represent outputs in five different use cases spanning domains
like food, healthcare, and finance, and also show how these representations allow explanations to be classified into
the EO’s literature-derived explanation types. Finally, in Sec. 6, we evaluate the EO by two approaches. First, a
task-based approach, that evaluates the EO’s ability to answer a broad set of competency questions that a system
designer would want addressed to familiarize themselves with the EO before they apply it to their use cases. Second,
from a coverage perspective, the types and breadth of content about explanations that can be queried from our EO
represented use cases. Overall, we expect this paper and its associated website resource (https://tetherless-world.
github.io/explanation-ontology) to serve as a primer for system designers and other interested individuals when
applying the EO to address the ever-growing need to support user-centered explanations that combine different
model outputs and content from data and knowledge sources in their use cases.

2. Related Work

The increased awareness on AI explainability in the recent years has resulted in the publication of several pa-
pers. Some provide solutions to explain decisions and behavior of ML methods [7, 8]. Others are position state-
ments and survey papers pointing to the need for user-driven and user-centered explainability that takes into ac-
count the requirements of the system designers and end-users during the explanation composition and generation

https://tetherless-world.github.io/explanation-ontology
https://tetherless-world.github.io/explanation-ontology
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process [1, 2, 5, 9]. Furthermore, several publications �nd that model explanations alone, which are often either
scores or model outputs that are not comprehensible to users who lack the knowledge of system and methods de-
velopment [10], cannot answer the diverse set of questions that users have for the explainability needs of AI mod-
els [5, 11, 12]. Hence, for user consumption, explanations need to be grounded in additional supporting data, con-
text, and knowledge [9, 13]. Some of the reasons why we posit and others �nd that model explanations or a single
set of explanations are insuf�cient are that when humans are looking to trust an AI system, they are seeking support
that they are familiar with [5, 11] that could include explanations that answer questions that appeal to their reasoning
process, are expressed in the domain knowledge that they are accustomed to, and provide additional information to
understand the AI system and its workings. Hence, these requirements for user-centered explanations can often not
be satis�ed by a single explainability method or question type and require different explanation types to be presented
to humans that can help them reason through the AI model's decision and its explanations via different paths.

Ontologies and KGs capture an encoding of associations between entities and relationships in domains, and
hence, can be used to inform upstream tasks [14, 15], guide/constrain ML models [16], and structure content for
the purpose of organization [17, 18]. User-centered explanations are composed of different components, such as
outputs of AI/ML methods and prior knowledge, and are also populated by content annotated by different domain
ontologies and KGs (of which there are many). The former proposition of composing explanations from components
has been attempted less frequently [3, 17, 19, 20] and at different degrees of content abstraction, hence providing
open challenges to represent explanations semantically. Additionally, there have been two multidisciplinary, com-
prehensive, and promising reviews [21, 22] highlighting the applications of KGs to explainable AI, either solely as
the data store to populate explanations, or as aids to explain AI decisions from the knowledge captured by the KG
encodings. Efforts to use ontologies and KGs to improve the explainability of AI models will become increasingly
popular since several publications point out that single scores from ML models are hard for subject matter experts
(SMEs) to interpret directly [23–25]. Here, we review semantic efforts to represent explanations and highlight how
the EO is different in terms of its overall goal and representation.

One of the early efforts of an ontology to represent explanations was by Tiddi et al. [17], who designed the Expla-
nation Patterns (EP) ontology to model attributes of explanations from a philosophy perspective of explanation and
its dependencies on what phenomenon generated the explanation and what events they are based on. They based
their ontology design on ontological realism [26], i.e., building their ontology to be as close to how it is de�ned in
theory. The primary use of the EP ontology was to de�ne explanations in multi-disciplinary domains, such as cog-
nitive science, neuroscience, philosophy, and computer science, with a simple general model. The authors mention
how the EP model can be applied in conjunction with a graph traversal algorithm like Dedalo [19] to �nd three com-
ponents of an explanation, including theAntecedent event (A), theTheory they are based on (T), and theContext
in which they are occurring (C), in KGs. However, we found that for the user-centered explanation types (Tab. 2),
the (A, T, C) is often not suf�cient when some explanations either do not need all the (A, T, C) components or when
other explanations require more than these components. For example, (A, T, C) components are not suf�cient in
case-based explanations, where what cases the explanation is dependent upon needs to be modeled. Additionally,
we found that this simplicity was insuf�cient to support explanations generated by AI methods. Therefore, we added
additional classes to support the dependencies of explanations on the methods that produce them and the users that
consume them. However, in the spirit of reusing existing ontologies, we leverage certain classes and properties of
the EP ontology in our EO ontology model as described in Sec. 3.1.

In a recent paper, Dalvi and Jansen et al. [20] released an ENTAILMENTBANK for explanations and applied
natural-language processing methods to identify trees for the facts that are most relevant to a Question-Answer
(QA) pair. While they are trying to identify entailments, or the facts that are most pertinent to an answer in a QA
setting, several publications [4, 5, 11] �nd that domain experts are often aware of the base knowledge that sup-
port explanations and don't always appreciate the additional theory. In the EO, we model a comprehensive set of
literature-derived explanation types that can address various questions by system designers. These explanation types
can provide users the varied support [5, 11] they seek in terms of information to help them better understand the AI
methods output. For example, contextual explanations situate answers and scienti�c explanations provide evidence
to reason about the supporting literature. As for composing the explanations, we describe how the description of suf-
�ciency conditions on these explanation types allows them to be built from KGs (Sec. 3.2). In a similar vein, Teze et
al. [27] present style templates to combine assertional, terminological and ontology terms to support seven different
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user-centered explanation types including statistical, contextual, data-driven, simulation-based, justi�cation-based,
contrastive and counterfactual. However, their work doesn't use traditional ontology languages like RDF and OWL
and is therefore less interoperable with standard semantic frameworks. Additionally, they focus more on integrating
the outputs of logical reasoners to populate explanation types, instead of a wider breadth of AI explanation methods,
such as those listed in Zhou et al. [6] and Arya et al. [7]. In the EO, we design a simple, yet comprehensive, model
to represent user-centered explanation types that account for their generational needs and impact on the user.

3. Explanation Ontology

We designed the Explanation Ontology (EO) to model attributes related to explanations that are built upon records
available to AI systems such as datasets, knowledge stores, user requirements, and outputs of AI methods. In ad-
dition, through our literature review and participatory evaluation studies with physicians [11, 28], we found that
users prefer a combination of interactive and question-driven explanations over model explanations alone. Hence,
in the EO, we capture attributes that would allow for the generation of such user-centered explanations from various
components that the system has at its disposal. We also provide templates that utilize the EO model to structure
different literature-derived explanation types that each address various prototypical question types that users might
have [12]. Here, we describe the details of the EO's core class and property model (Sec. 3.1) and the requirements
and modeling of the�fteen different user-centered explanation types that we support (Sec. 3.2). The EO model is
general-purpose and can be extended at its core structure to represent explanations in use cases spanning different
domains (Sec. 4).

3.1. Ontology Composition

For the core EO model, we adopted a bottom-up approach to narrow down the classes about the central `explana-
tion'1 concept by analyzing what terms are most often associated with explanations in explanation method papers
and position statements that describe a need for various explanation types. We found that the terms that most of-
ten described explanations included attributes that they directly interact with or are generated by, including the `AI
method' generating the explanation, the `user' consuming it, and other interface attributes such as the user `question'
that the explanation addresses. We crystallized our understanding of the relationships between these terms in the
core EO model as shown in Fig. 1. We adopted a top-down approach to expand beyond the core EO model by re�n-
ing, editing, and adding to this model when representing explanation types and more speci�c sub-categorizations to
certain classes, such as the `AI method.'

In the EO, we capture the attributes that explanations build upon, such as a `system recommendation' and `knowl-
edge,' and model their interactions with the `question' (s) they address. We can broadly categorize explanation de-
pendencies into the system, user, and interface attributes as seen in Fig. 1. These categorizations help us cover a
broad space of attributes that explanations directly or indirectly interact with.

User Attributes: User attributes are the concepts that are related to a `user' who is consuming an explanation.
These include the `question' that the user is asking, `user characteristic's that describe the user, and the user's
`situation'. Explanations that the user is consuming are modeled to address the user's `question,' and may also take
into account factors such as the user's `situation' or their `user characteristic' such as their education and location.

System Attributes: System attributes encapsulate the concepts surrounding the AI `system' used to generate
recommendations and produce explanations. `Explanation's are based on `system recommendation's, which in turn
are generated by some `AI task .'`AI task's are analogous to the high-level operations that an AI system may perform
(e.g., running a reasoning task to generate inferences or running an explanation task to generate explanations about
a result). The `AI task' relates to user attributes as it addresses the `question' that a user is asking. Another important
class we capture as part of system attributes, is that of the `AI method', that `AI tasks' use, to produce the `system
recommendation' that an `explanation' is dependent on. Additionally, within the system attributes, various additional

1In this section, we refer to ontology classes by their labels in single quotes. The labels also correspond to the ontology class identi�ers
themselves (IRIs).
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Fig. 1. Explanation ontology overview with key classes separated into three overlapping attribute categories (depicted as colored rectangles).

concepts are modeled to capture further details about the AI system's operations and how they relate to each other.
Maintaining such system provenance helps system designers debug explanations and their dependencies.

Interface Attributes : Lastly, interface attributes capture an intersection between user and system attributes that
can be directly interacted with on a user interface (UI). From an input perspective, these attributes consist of the
`question' that the user asks, the `explanation goal' they want to be ful�lled by the explanation, and the `explanation
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modality' they prefer. From the content display perspective, we capture the system attributes that might be displayed
on the UI, such as the `explanation' itself and the `system recommendation' it is based on.

In essence, modeling the explanation space, as we have in the EO, can help system designers instantiate these
classes to compose user-centered explanations whose provenance can be traced back to multiple dependencies
spanning system, interface, and user spaces.

In Sec. 3.2, we soon show how this EO model can be leveraged to represent equivalent class restrictions for
different explanation types, allowing explanations to be classi�ed into any of these types. Also, this upper model
of the explanation space can be further extended by adding sub-class nodes to introduce more speci�c extensions
for the entities where they exist. For example, both the `Knowledge' and `AI Method' classes have several sub-
classes to capture the different types of `knowledge' and `AI methods' that explanations can be dependent on and are
generated by, respectively. An example of the `AI Method' hierarchy and its interactions to support the generation
of system recommendations upon which explanations are based can be seen in Fig. 2.

Table 1

List of ontology pre�xes used in the paper and its images, tables and listings.

Ontology Pre�x Ontology URI

sio SemanticScience Integrated Ontologyhttp://semanticscience.org/resource/

prov Provenance Ontology http://www.w3.org/ns/prov-o#

eo Explanation Ontology https://purl.org/heals/eo#

ep Explanation Patterns Ontology http://linkedu.eu/dedalo/explanationPattern.owl#

For the design of the EO, we followed the principle of ontology reuse by only introducing classes and properties
where they didn't exist already. However, we used a policy of careful reuse in that we introduced classes if they were
not a part of well-used and accepted scienti�c ontologies, mainly the OBO Foundry ontologies [29] or explainable
AI-speci�c ontologies such as the explanations pattern (EP) ontology [17]. We found that we had to borrow from
several ontologies, including The National Cancer Thesaurus Institute Ontology (NCIT) [30] and the Computer
Science Ontology (CSO) [31], to support the attributes that contribute to explanations. From a �rst-principles reuse
perspective, and because the EO is an ontology in the technical space, we build our ontology upon and import
widely-used and standard science ontologies, including the SemanticScience Integrated Ontology (SIO) [32] and
the Provenance Ontology (Prov-O). For the other ontologies that we reuse classes and properties from, we use the
Minimum Information to Reference a Term (MIREOT) method [33] to include only the minimum information that
we need to use the class or property within the EO.

For a system designer who wants to use the EO model to represent explanations in their domain-speci�c knowl-
edge graphs (KG), they would only need to include an import statement for the EO in their KG ( <owl:imports
rdf:resource="https://purl.org/heals/eo/2.0.0"/> ), and when representing explanations using the EO model (as seen
in Fig. 1 and Fig. 2), they should be able to run a reasoner over their KG to infer explanations into one of our ex-
planation types. A system designer could also root their domain-speci�c concepts in the EO's high-level concepts,
e.g., for a food use-case, an ingredient could be de�ned as a subclass of object characteristic, and in this way these
concepts could also be considered for explanations. More examples of these domain speci�c instantiations can be
viewed in Sec. 4. Finally, we have tested the Pellet reasoner on the EO and our ontology can be browsed using the
Protege 5.5 desktop tool [34].

3.2. Explanation Types

We refer to explanation types in line with the different kinds of explanations that have been referred to in the
explanation sciences literature, arising in such �elds as “law, cognitive science, philosophy, and the social sci-
ences" [35]. These include such things as as contrastive, scienti�c, and counterfactual explanations. We found that
these explanations are well de�ned in adjacent �elds of the explanation sciences and more rarely in computer sci-
ence. We performed a literature review looking for explanations that serve different purposes, address different
questions, and are populated by different components (such as `cases' for case-based explanations and evidence for
`scienti�c explanations') in the hope of re�ning their de�nitions to make these explanation types easier to generate
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by computational means. We previously released these explanation types and their de�nitions as a taxonomy [9],
and we now encode these explanation types, de�nitions, and suf�ciency conditions in the EO. The explanation types
we support in the EO, their de�nitions, and suf�ciency conditions can be browsed in Tab. 2.

Listing 1: OWL expression of the representation of a`contextual explanation'in Manchester syntax.

1 Class : eo:ContextualExplanation
2 EquivalentTo :
3 ((ep:`is based on' some
4 (eo:`Contextual Knowledge'
5 and ((sio:`is attribute of' some Situation) or (sio:`in relation to' some Situation)))) or
6 (ep:`is based on' some
7 (eo:`Contextual Knowledge'
8 and ((sio:`is attribute of' some eo:`Object Record') or (sio:`in relation to' some eo:`Object

Record')))) or
9 (ep:`is based on' some

10 (eo:`Contextual Knowledge'
11 and (sio:`has attribute' some eo:`Object Record'))))
12 and (ep:`is based on' some
13 (eo:`System Recommendation' or eo:`Object Record'))
14 SubClassOf :
15 ep:Explanation
16
17 Class : ep:Explanation
18 SubClassOf :
19 sio:`computational entity',
20 ep:isBasedOn some eo:Knowledge,
21 ep:isBasedOn some eo:SystemRecommendation,
22 ep:isConceptualizedBy some eo:AITask

In the EO, against each explanation type, we encode the suf�ciency conditions as equivalent class axioms, allow-
ing instances that �t these patterns to be automatically inferred as instances of the explanation types. An example
of this can be seen in Listing 1, where we express the equivalent class axiom for a `contextual explanation' using
the core EO model and its high-level classes, such as `system recommendation' and`object record' . We �nd
that de�ning the equivalent class restrictions using top-level classes allows the subsumption of sub-classes of these
top-level classes into the explanation type restrictions as well. Patterns of such subsumptions can be seen in our use
case descriptions (Sec. 4). Further, if system designers want to familiarize themselves with the components that are
necessary for each explanation type, we suggest that they browse the suf�ciency conditions, unless they have famil-
iarity with the OWL ontology language. The equivalent class restrictions are a logical translation of the suf�ciency
conditions, so the modeling of explanations based on an understanding of the suf�ciency conditions should prove
suf�cient. Against some explanation types, we also maintain what `AI methods' can generate them or what types of
`knowledge' they are dependent upon, so if a system designer were looking to support certain explanation types in
their systems, they can plan ahead to include these methods and/or knowledge types.

Also, in addition to theninedifferent explanation types that we previously supported in the EO, we have added
six new explanation types mentioned in Zhou et al.'s recent paper [6] (Tab. 3). The addition of these explanation
types also prompted the support for explanation methods as subclasses of `AI Method.' Over the past decade, with
the focus on trustworthy AI, there have been several developments in explanation methods or model explainers [37–
41]. Part of our goal for the expansion of the EO was to be of use in explainability toolkits, so we reviewed a
comprehensive set of explanation methods that are a part of the AI Explainability 360 toolkit [42]. We encode
the outputs of these explanation methods, i.e., model explanations and their subtypes (e.g., local, global, static,
and interactive explanations) as subclasses of `system recommendation.' The modeling of model explanations and
explanation methods can be seen in Fig. 2. We also capture the dependencies on user-centered explanations we
de�ne in Tab. 2 on these `model explanations.' Further, we observe that the user-centered explanation types can
depend on more than one model explanation and users need more context and knowledge to consume these model
explanations.
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Table 2

An overview of explanation types, their simpli�ed descriptions, example questions they can address (in bold, within the Description column),
and their suf�ciency conditions expressed in natural language.

Explanation Type Description Suf�ciency Conditions

Case Based

Provides solutions that are based on actual prior cases

that can be presented to the user to provide compelling

support for the system's conclusions, and may involve

analogical reasoning, relying on similarities between

features of the case and of the current situation.

“To what other situations has this

recommendation been applied?”

Is there at least one other prior case (`object record')

similar to this situation that had an`explanation'?

Is there a similarity between this case, and

that other case?

Contextual

Refers to information about items other than the

explicit inputs and output, such as information about

the user, situation, and broader environment that

affected the computation.

“What broader information about the current

situation prompted the suggestion of this

recommendation?”

Are there any other extra inputs that are not

contained in thèsituation' description itself?

And by including those, can better insights

be included in thèexplanation'?

Contrastive

Answers the question “Why this output instead of that

output,” making a contrast between the given output

and the facts that led to it (inputs and other

considerations), and an alternate output of interest and

the foil (facts that would have led to it).

“Why choose option A

over option B that I typically choose?”

Is there à system recommendation'that was made

(let's call it A)? What facts led to it?

Is there another̀system recommendation'that

could have happened or did occur, (let's call it B)?

What was thèfoil' that led to B?

Can A and B be compared?

Counterfactual

Addresses the question of what solutions would have

been obtained with a different set of inputs than

those used.

“What if input A was over 1000?”

Is there a different set of inputs that can be

considered?

If so what is the alternatèsystem recommendation'?

Everyday

Uses accounts of the real world that appeal to the user,

given their general understanding and knowledge.

“Why does option A make sense”

Can accounts of the real world be

simpli�ed to appeal to the user based on

their general understanding and`knowledge'?

Scienti�c

References the results of rigorous scienti�c methods,

observations, and measurements.

“What studies have backed this

recommendation?”

Are there results of rigorous̀scienti�c

methods'to explain the situation?

Is therè evidence'from the literature to

explain this̀ situation'?

Simulation Based

Uses an imagined or implemented imitation of a

system or process and the results that emerge from

similar inputs.

“What would happen if this recommendation

is followed?”

Is there aǹimplemented'

imitation of the`situation' at hand?

Does that other scenario have inputs similar

to the current̀situation'?

Statistical

Presents an account of the outcome based on data about

the occurrence of events under speci�ed

(e.g., experimental) conditions. Statistical explanations

refer to numerical evidence on the likelihood of factors

or processes in�uencing the result.

“What percentage of people with

this condition have recovered?”

Is therè numerical evidence'/likelihood

account of thèsystem recommendation'based on

data about the occurrence of the outcome

described in the recommendation?

Trace Based

Provides the underlying sequence of steps used by the

system to arrive at a speci�c result, containing the line

of reasoning per case and addressing the question of

why and how the application did something.

“What steps were taken by the system to

generate this recommendation?”

Is there a record of the underlying sequence

of steps (̀system trace') used by thèsystem'to

arrive at a speci�c̀ recommendation'?
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Table 3

An overview of six new explanation types described in Zhou et al. [6] that we encode in the Explanation Ontology version 2.0.

Explanation
Type

Description Suf�ciency Conditions

Data

Focuses on what the data is and how it has been used in
a particular decision, as well as what data and how it has
been used to train and test the ML model. This type of ex-
planation can help users understand the in�uence of data
on decisions.
"What the data is?", "How it has been used in a partic-
ular decision?", "How has the data been used to train
the ML model?"

Is there a `system recommendation' from an `AI method'
that has as input, a `dataset' or part of it?
Is there a `system recommendation' that includes `object
records' that are used to train / test the `AI method'?

Rationale

About the “why” of an ML decision and provides reasons
that led to a decision, and is delivered in an accessible and
understandable way, especially for lay users. If the ML
decision was not what users expected, rationale explana-
tions allows users to assess whether they believe the rea-
soning of the decision is �awed. While, if so, the explana-
tion supports them to formulate reasonable arguments for
why they think this is the case.
"Why was this ML decision made and provides rea-
sons that led to a decision?"

Is there a `system recommendation' from an `AI method'
that has a `system trace'?
Is there a `local explanation' output that an `explanation'
is based on?

Safety and
Performance

Deals with steps taken across the design and implemen-
tation of an ML system to maximise the accuracy, reli-
ability, security, and robustness of its decisions and be-
haviours. Safety and performance explanations help to as-
sure individuals that an ML system is safe and reliable by
explanation to test and monitor the accuracy, reliability,
security, and robustness of the ML model.
“What steps were taken to ensure robustness and re-
liability of system?”, “How has the data been used to
train the ML model?”, “What steps were taken to en-
sure robustness and reliability of AI method?”, “What
were the plans for the system development?”

Is there a `system recommendation' from an `AI method'
that is part of a `system' that exposes its design `plans'?
Is there a `system recommendation' that includes `object
records' that are used to train / test the `AI method'?

Impact

Concerns the impact that the use of a system and its de-
cisions has or may have on an individual and on a wider
society. Impact explanations give individuals some power
and control over their involvement in ML-assisted deci-
sions. By understanding the possible consequences of the
decision, an individual can better assess their participation
in the process and how the outcomes of the decision may
affect them.
"What is the impact of a system recommendation?",
"How will the recommendation affect me?"

Is there a `system recommendation' from an `AI method'
that has a `statement of consequence'?

Fairness

Provides steps taken across the design and implementa-
tion of an ML system to ensure that the decisions it assists
are generally unbiased, and whether or not an individual
has been treated equitably. Fairness explanations are key
to increasing individuals' con�dence in an AI system. It
can foster meaningful trust by explaining to an individual
how bias and discrimination in decisions are avoided.
"Is there a bias consequence of this system recommen-
dation?", "What data was used to arrive at this deci-
sion?"

Is there a `system recommendation' from an `AI method'
that has a `statement of consequence'?
Is there a `dataset' in the `system recommendation' the
explanation is based on?

Responsibility

Concerns “who” is involved in the development, manage-
ment, and implementation of an ML system, and “who” to
contact for a human review of a decision. Responsibility
explanations help by directing the individual to the person
or team responsible for a decision. It also makes account-
ability traceable.
“Who is involved in the development, management,
and implementation of an ML system?”, “Who to con-
tact for a human review of a decision?”

Is there a `system recommendation' from an `AI method'
that was part of a `system', whose `system developer' is
known?
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Fig. 2. Ontograf [36] visualization of the explanation methods we support in the explanation ontology (Part A and B). The ontology includes
terms that can be used to map the outputs of these methods to support population of user-centered explanation types (Part B and C).

4. Use Cases

To demonstrate the utility of the EO as a general-purpose ontology to represent explanations, we show how the
EO's model can be used to compose explanations in�ve different use cases spanning food, healthcare, and �nance
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domains (Tab. 4). All of these use cases have data in the open domain. The �rst use case is in the food domain
and based off of the FoodKG2 [43], and the rest of the use cases are from among those listed on the AIX-360
website3 [42]. In AIX-360 usecases, a suite of `explanation methods' belonging to the AIX-360 toolkit [7] are run.
Additionally, each of the AIX-360 use cases has a technical description or Jupyter notebook tutorial that system
designers can comprehend and utilize to build the instance KGs.

In each of our �ve use cases, AI methods, primarily ML methods, have already been run and generated some
`system recommendations,' which can provide enough data themselves or need to combined with content from a
background KG (such as in the food use case) to populate the different explanation types that we support in the EO.
Also, each of uses case has a set of example questions for which different explanation methods and/or ML methods
are run. A listing of these example questions, as well as the explanation types inferred from running the reasoner
on each use case's knowledge graph, is provided in Tab. 4. Here, we describe each of the �ve use cases in a depth
suf�cient enough so that a system designer who wants to use the EO to instantiate outputs from their own use cases
can seek guidance on building their use case KGs from the patterns that we use for these �ve exemplar KGs. Our
use case KG �les can also be downloaded from our resource website (Sec. 5.1).

Table 4

A listing of example questions and inferred explanation types supported by each use case.

Use case Example Questions
Explanation Types In-
ferred

Food Recommendation
Why should I eat spiced cauli�ower soup? Why creamed broccoli soup
over tomato soup?

Contextual and Contrastive

Proactive Retention What is the retention action outcome for this employee? Rationale

Health Survey Analysis
Who are the most representative patients in this questionnaire? Which
questionnaires have the highest number of most representative patients?

Case based and Contextual

Medical Expenditure
What are the rules for expenditure prediction? What are patterns for
high-cost patients?

Data

Credit Approval
What are the rules for credit approval? What are some representative
customers for credit? What factors if present and if absent contribute
most to credit approval?

Data, Case based and Con-
trastive

4.1. Food Recommendation

In the food recommendation use case, aimed at recommending foods that �t a person's preferences, dietary
constraints, and health goals, we have previously published a customized version of the EO speci�cally for the food
domain, the Food Explanation Ontology [44]. With the updates to the EO, we are now able to support the modeling
of contextual and contrastive examples natively in the EO, whose capabilities were previously only in FEO as
depicted in [44]. In the food use case, a knowledge base question-answering (QA) system [45] has been run and
outputs answers to questions like “What should I eat if I am on a keto diet?” However, a standard QA system cannot
directly address more complex questions that require a reasoner to be run on the underlying knowledge graph to
generate inferred content. For example, questions such as whether or not one can eat a particular recipe, like “spiced
cauli�ower soup”, might not be easily addressable by the QA system because it doesn't know to speci�cally look
for inferred information such as the seasonal context and availability of ingredients. The EO becomes useful here
because the restrictions de�ned against the `environmental context' class can classify any seasonal characteristics
de�ned against food as environmental context concerning that food `object record.' Hence, when we de�ne an
explanation for “Why one should eat spiced cauli�ower soup” to be based on a seasonal characteristic, our EO
reasoner can then classify the season instance to be an `environmental context' and therefore classify the explanation
to be a `contextual explanation.' The contextual explanation instance and its dependencies can be viewed in Fig.

2https://foodkg.github.io
3https://aix360.mybluemix.net
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Fig. 3. Annotated snippet of a contextual explanation instance from the food recommendation use case knowledge graph. Visualization generated
using the Ontograf tool [36].

3. Similarly, to address another question, “Why is creamed broccoli soup recommended over tomato soup”, we
extract `facts' supporting creamed broccoli soup and `foils' or `facts' not in support of tomato soup. Then from
this representation, our EO reasoner can infer that an `explanation' depending on the `system recommendation' and
that encapsulates reasons in support of creamed broccoli soup over tomato soup, to be a contrastive explanation.
More broadly, if a system designer can de�ne explanations dependent on food system recommendations and link
the characteristics related to an `object record' contained in the recommendations. Then, when a reasoner is run on
the EO, it could look for patterns that can match the user-centered explanation types we support and populate the
explanation types whose patterns match the KG content.

4.2. Proactive Retention

In the proactive retention use case4, the objective is to learn the rules for employee retention that could signal
to an employing organization whether or not employees are likely to have retention potential. Since these rules
involve a deep understanding of the contributing attributes of the employee dataset, a domain expert is best adept
at providing these rules. Potentially, a supervised ML method could be run to learn the rules for other unlabelled
instances. The AIX-360 toolkit supports a TED Cartesian Explainer algorithm [46] that can learn from rules that are
de�ned against a few cases and predict the rules for others. More speci�cally, in the proactive retention use case KG,
the TED Cartesian Explainer method is de�ned as an instance of `Providing rationale method' in the EO by virtue
of the de�nition for this `explanation method' subclass, and that the TED Explainer provides local explanations
for each instance. Additionally, since the TED Explainer provides `system recommendations' for every employee
retention output pair, we save this dependency of explanations on local instance-level system recommendations in
the KG and de�ne explanations based on these retention rule explanations. As can be seen from the `explanation

4Proactive retention use case: https://nbviewer.org/github/IBM/AIX360/blob/master/examples/tutorials/retention.ipynb
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Fig. 4. Annotated snippet of a rationale explanation instance from the proactive retention use case knowledge graph. Visualization generated
using the Ontograf tool [36].

types supported' column of the proactive retention row, a reasoner infers rationale explanations, see Fig. 4, from
the proactive retention KG. These rationale explanations are inferred that way because they match the equivalent
class restriction of the `rationale explanation' class in the EO, wherein we look for rationales or traces supporting a
system recommendation, which in this case are the rules providing rationales for the employee retention output.

4.3. Health survey analysis

The health survey analysis use case5 utilizes the National Health and Nutritional Exam Survey (NHANES)
dataset [47]. The objective in this use case entails two `explanation tasks': (1) �nd the most representative pa-
tients for the income questionnaire, and (2) �nd the responses that are most indicative/representative of the income
questionnaire. The Protodash method [48], an `Exemplar explanation method,' that �nds representative examples
from datasets, is run for both these tasks. However, in the second task, an additional data interpretation or sum-
marization method is run to evaluate the prototype patient cases of questionnaires for how well they correlate to
responses in the income questionnaire. Hence, when we instantiate the outputs of these two tasks, we use different
chains of representations to indicate the dependencies of the explanations of the two questions that are addressed
by these tasks. More speci�cally, this chaining would mean that we de�ne that the `system recommendation' of the
`summarization' method instance to be dependent on or use as input the `system recommendations' of `Protodash'
instances.

Additionally, as can be seen from the `explanation types' supported column of Tab. 4 against the health survey
analysis, there are two explanation types inferred upon running a reasoner against the NHANES KG: case-based and
contextual. The explanation �nding for the most representative patients of the income questionnaire is case-based

5NHANES use case documentation: https://nbviewer.org/github/IBM/AIX360/blob/master/examples/tutorials/CDC.ipynb
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Fig. 5. A screenshot from the Protege ontology editing tool identifying the rules that were satis�ed for a particular explanation to be classi�ed as
a case based explanation.

since it contains patient case records. Further, the trail of outputs that contributed to the explanation to be classi�ed
as a case-based explanation can be seen in Fig. 5.

Fig. 6. Annotated snippet of a contextual explanation instance from the health survey analysis use case knowledge graph. Visualization generated
using the Ontograf tool [36].

Listing 2: OWL expression of thèenvironmental context'and its suf�ciency conditions in Manchester syntax.

1 Class : eo:ContextualKnowledge
2 EquivalentTo :
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