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ABSTRACT
Artificial Intelligence systems are spreading to multiple applications
and they are used by a more diverse audience. With this change of
the use scenario, AI users will increasingly require explanations.
The first part of this paper makes a review of the state of the art
of Explainable AI and highlights how the current research is not
paying enough attention to whom the explanations are targeted. In
the second part of the paper, it is suggested a new explainability
pipeline, where users are classified in three main groups (developers
or AI researchers, domain experts and lay users). Inspired by the
cooperative principles of conversations, it is discussed how creating
different explanations for each of the targeted groups can overcome
some of the difficulties related to creating good explanations and
evaluating them.

CCS CONCEPTS
•Computingmethodologies→Artificial intelligence; •Human-
centered computing → HCI theory, concepts and models.

KEYWORDS
Explainability; XAI; Conversational interfaces; User centered de-
sign; HCI
ACM Reference Format:
Mireia Ribera and Agata Lapedriza. 2019. Can we do better explanations? A
proposal of User-Centered Explainable AI. In Joint Proceedings of the ACM
IUI 2019 Workshops, Los Angeles, USA, March 20, 2019 , 6 pages.

1 INTRODUCTION
Artificial Intelligence (AI) is increasingly being used in more con-
texts and by a more diverse audience. In the future, AI will be
involved in many decision-making processes. For example, in the
medical field there will be AI systems that will help physicians
to make diagnoses, whereas in companies the support of AI will
be used in the interviewing process of recruiting campaigns. In
these cases, different types of users, most of them without a deep
understanding of how AI is built, will directly interact with AIs
and will need to understand, verify and trust their decisions. This
change of use scenarios of AI is similar to the one occurred in the
’80s with the popularization of computers. When computers started
to be produced massively and to be targeted to non-expert users, a

IUI Workshops’19, March 20, 2019, Los Angeles, USA
© 2019 for the individual papers by the papers’ authors. Copying permitted for private
and academic purposes. This volume is published and copyrighted by its editors..

need for improving human-computer interaction emerged which
would accomplish to make technology accessible to less specialized
users. In a similar way, a need for making AI understandable and
trustful to general users is now emerging.

In this new broad scenario of AI use contexts, explainability
plays a key role for many reasons, since in many cases the user
interacting with the AI needs more reasoned information than just
the decision made by the system.

Plenty of attention is being paid to the need for explainable AI.
In the first part of this paper the current main theoretical concepts
involved in explainability are reviewed. In particular, the recent
surveys and theoretical frameworks of explainability focus the at-
tention in 5 main aspects: (I) what an explanation is, (II) what the
purposes and goals of explanations are, (III) what information do
explanations have to contain, (IV) what type of explanations can
a system give, and (V) how can we evaluate the quality of expla-
nations. This review reveals, in our opinion, how the current theo-
retical approach of explainable AI is not paying enough attention
to what we believe is a key component: who are the explanations
targeted to.

In the second part of this paper, we argue that explanations can-
not be monolithic and that each stakeholder looks for explanations
with different aims, different expectations, different background,
and different needs. By building on the conversational nature of
explanations, we will outline how explanations could be created to
fulfill the demands set on them.

2 HOW DOWE APPROACH
EXPLAINABILITY?

Defining what an explanation is, is the starting point for creating
explainable models, and allows to set the three pillars on which
explanations are built: goals of an explanation, content of an ex-
planation, and types of explanations. The last key aspect reviewed
in this section is how explanations can be evaluated, which is a
critical point for the progress of explainable AI.

2.1 Definition of explanation
Explanations are "ill-defined" [17]. In the literature the concept
of explainability is related to transparency, interpretability, trust,
fairness and accountability, among others [1]. Interpretability, some-
times used as a synonym of explainability, is defined by Doshi and
Kim [6] as "the ability to explain or to present in understandable
terms to a human". Gilpin et al. [7], on the contrary, consider ex-
plainability a broader subject than interpretability; these authors
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state that a model is interpretable if it is "able to summarize the
reasons for [system] behavior, gain the trust of users, or produce
insights about the causes of decisions". However an explainable AI
needs, in addition, "to be complete, with the capacity to defend [its]
actions, provide relevant responses to questions, and be audited".
Rudin [24] defines Interpretable Machine Learning in a more re-
stricted sense, as "When you use a model that is not a black box",
while Explainable Machine Learning is, for this author, "when you
use a black box and explain it afterwards".

Miller [19], does an interesting review of social science con-
structs to find the theoretical roots of the explainability concept.
For example, Lewis [15] states that "To explain an event is to provide
some information about its causal history. In an act of explaining,
someone who is in possession of some information about the causal
history of some event –explanatory information – tries to convey it
to someone else". Halpern and Pearl [12] define a good explanation
as a response to a Why question, that "(a) provides information that
goes beyond the knowledge of the individual asking the question
and (b) be such that the individual can see that it would, if true,
be (or be very likely to be) a cause of". After the review, Miller
[19] extracts four characteristics of explanations: "explanations are
contrastive" (why this and not that), "explanations are selected in a
biased manner (not everything shall be explained)", "probabilities
don’t matter" and finally "explanations are social".

From these definitions and the recent reviews of explainability
[7, 10] we can conclude that there is no agreement on a specific def-
inition for explanation. However, some relevant points are shared
in almost every definition. For example, many definitions relate ex-
planations with "why" questions or causality reasonings. Also, and
more importantly, there is a key aspect when trying to define what
an explanation is: there are two subjects involved in any explana-
tion, the one who provides it (the system), or explainer, and the one
who receives it (the human), or explainee. Thus, when providing AI
with explainability capacity, one can not forget about to whom the
explanation is targeted.

2.2 Goals of explanations (WHY)
In this section we review, in the context of explainable AI, what
the purpose of an explanation is. According to Sameket al. [25] the
need of explainable systems is rooted in four points: (a) Verification
of the system: Understand the rules governing the decision process
in order to detect possible biases; (b) Improvement of the system:
Understand the model and the dataset to compare different models
and to avoid failures; (c) Learning from the system: "Extract the
distilled knowledge from the AI system"; (d) Compliance with legis-
lation (particularly with the "right to explanation" set by European
Union): To find answers to legal questions and to inform people
affected by AI decisions.

Gilpin et al.[7] mostly agree with these goals, adding specific
considerations on two of these points: (a) Verification of the system:
explanations help to ensure that algorithms perform as expected,
and (b) Improvement of the system: in terms of safety against
attacks. Guidotti, et al. [10] enforce for (c) "the sake of openness of
scientific discovery and the progress of research" , while Miller [19]
directly considers "facilitating learning" the primary function of
explanation. Wachter, et al. [26] describe more in detail three aims

behind the right to explanation. These three aims are "to inform and
help the subject understand why a particular decision was reached,
to provide grounds to contest adverse decisions, and to understand
what could be changed to receive a desired result in the future,
based on the current decision-making model".

Lim et al. [16] add a new goal, relating explainability to: (e)
Adoption: Acceptance of the technology. These authors state that
"[the] lack of system intelligibility (in particular if a mismatch
between user expectation and system behavior occurs) can lead
users to mistrust the system, misuse it, or abandon it altogether".

Doshi-Velez and Kim [6] focus on (b) and (d) and see interpretabil-
ity as a proxy to evaluate safety and nondiscrimination, which can
be related to fairness in AI. They also argue that an explanation is
only necessary when wrong results may have an important impact
or when the problem is incompletely studied. Rudin [24] agrees
with that last view, but also mentions troubleshooting (a) as an
important goal. On a more theoretical framework, Wilkenfeld and
Lombrozo [27], cited in [19], discuss about other functions of expla-
nations such as persuasion or assignment of blame, and they raise
attention to the fact that the goals of explainer and explainee may
be different.

Interesting discussions can be found in terms of the need and
utility of explanations. Abdul et al.[1] see explanations as a way for
humans to remain in control. This view is questioned by Lipton [17],
who warns against explanations "to simply be a concession to insti-
tutional biases against newmethods", arising a more deep reflection
on how AI fits our society: to empower people or to surpass people.
Finally, Rudin [24], in her controversial video seminar, questions
the utility of explanations, and states that they only "perpetuate
the problem of bad stuff happening", because they act somewhat as
a disclaimer. Furthermore, some authors agree that the explainee
will only require explanations when the system decision does not
match her expectations [8].

Despite the disagreement of some experts on the need of expla-
nations, there are more reasons supporting that AI should be able
of explaining its decisions than the opposite. In particular it is very
likely that users expect an explanation when the decision of an AI
has important economical consequences or it affects their rights.
What is clear is that trying to cover all goals with a unique expla-
nation is overwhelming [7]. If we take into account the explainee
each goal is addressed to, maybe a practical solution could be to
create several explanations serving only the specific goals related
to a particular audience.

2.3 Content to include in the explanation
(WHAT)

There are different opinions about what the content of a good
explanation has to include. Lim et al. [16] say that an explanation
should answer five questions: "(1) What did the system do?, (2) Why
did the system do P?, (3) Why did the system not do X?, (4) What
would the system do if Y happens? , (5) How can I get the system
to do Z, given the current context?" . These questions are very
similar to the explanatory question classes introduced by Miller
[19]. Gilpin et al. [7], on the contrary, add a new question related
to the data stored by the system: (6) "What information does the
system contain?"
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Lim et al. [16] relate their five questions to Don Norman gulfs
of evaluation and execution, solving questions 1-3 the separation
between perceived functionality of the system and the user’s inten-
tions and expectations, and questions 4-5 the separation between
what can be done with the system and the user’s perception of
its capacity. These authors tested the questions on an explanatory
system with final users and they concluded that "Why questions"
(2) were the most important.

Some authors categorize the explanations depending on whether
they explain how the model works or the reason of a particular
output [7, 10]. Although both aspects are connected, explanations
can be more specific when focused on a local result. In the first
case, the explanation is more global, and can help users to build a
mental model of the system. This global explanation includes also
the representation learned by the model (for example, in a Neural
Network, what are the roles of layers or units), that allows users
to understand the structures of the system. In the latter, the expla-
nation focuses in a specific output and allows users to understand
better the reasons why that specific output occurred or the relation
between a specific input and its output.

Overall, there are multiple questions that good explanations
should provide answers to. We observe, however, a quite consistent
agreement on the importance of the "Why" questions. Furthermore,
some explanation contents are more interesting or important for
some users than others. For example, researchers developing the
AI system might be interested in technical explanations on how
the system works to improve it, while lay users, with no technical
background, would not be interested at all about these type of
explanation.

2.4 Types of explanations (HOW)
In this section we review the different ways of classifying expla-
nations according to how they are generated and delivered to the
user.

In terms of generation, explanations can be an intrinsic part of
the system, which becomes transparent and open to inspection (for
some authors this is called interpretability). For example, CART
(Classification and regression trees) [2] is a classical decision tree
algorithm that functions as a white box AI system. On the contrary,
explanations can be post-hoc, built once the decision is already
made [17, 20]. For instance, LIME by Ribeiro et al. [23] consists of
a local surrogate model that reproduces the system behavior for a
set of inputs. Detailed pros and cons of each of these two types are
discussed in [20]. In particular, while intrinsic explanations need to
impose restrictions on the design of the system, post-hoc explana-
tions are usually unable to give information on the representation
learned by the system or on how the system is internally working.

Regarding to the explanation modality, we can find explanations
in natural language with "analytic (didactic) statements [...] that
describe the elements and context that support a choice", as visu-
alizations, "that directly highlight portions of the raw data that
support a choice and allow viewers to form their own perceptual
understanding", as cases or "explanations by example", "that invoke
specific examples or stories that support the choice", or as rejec-
tions of alternative choices or "counterfactuals" "that argue against
less preferred answers based on analytics, cases, and data" [11, 17].

Currently visualizations are probably the most common type of
explanations (see [28] for a recent review), with a longer tradition
of interaction and evaluation methods [13].

We can see there exist many types of explanations and, although
visualizations are among the most adopted, it is not clear when
or why one type is better than another. In some cases the most
suitable modality will depend on the content of the explanation.
Furthermore, the user should also play an important role on decid-
ing what type of explanation is the most appropriate according to
background, specific expectations or needs.

2.5 Evaluation of explanations
Taking into account all the complexities described above on defining
and creating explanations, one can expect that it is not evident
how to test the quality of an explanation. Actually, evaluating
explanations is maybe the most immature aspect on the research
on explainable AI. Lipton [17] and Miller [19] openly question the
existing practices for evaluating explanations. Lipton says that "the
question of correctness has been dodged, and only subjective views
are proposed". Miller [19] argues that most explanations rely on
causal relations while people do not find likely causes very useful,
and states that simplicity, generality and coherence are "at least as
equally important".

In a promising direction, Doshi-Velez and Kim [6] criticize the
weakness of current methods for explanation evaluation, and sug-
gest grounding evaluations on more solid principles, based on Hu-
man Computer Interaction (HCI) user tests. The authors suggest
three possible approaches, from more specific and costly to more
general and cheap: (1) application-grounded evaluation with real
humans and real tasks; (2) human-grounded evaluation with real
humans but simplified tasks; and (3) functionally-grounded evalua-
tion without humans and proxy tasks; all of them always inspired
by real tasks and real humans’ observations.

The Explainable AI DARPA program (XAI) [11], started on 2017,
tries to cover current gaps of this topic and opens many scientific
research lines to solve them. The program conceptualizes the goals
of explanation as to generate trust and facilitate appropriate use
of technology (focusing mainly in adoption, the (e) goal of expla-
nations). The project relates the explanation goals with several
elements to evaluate, each one linked to a corresponding indicator.

On the Open Learning Modelling domain, Conati et al [3], based
on Mabbot and Bull[18] previous experiments, point out some key
considerations on designing explanations such as considering the
explainee, as we suggest, and also the reason to build the system,
which aspects to made available to the user and the degree it can
be manipulated by the user.

On a more technical vein, Gilpin et al.[7], after a review of the
literature, cite four evaluation methods. The first two are related
to processing (completeness to model, completeness on substitute
task), while the last two related to representation (completeness on
substitute task, detect biases) and explanation producing (human
evaluation, detect biases).

Setting clear evaluation goals and metrics is critical in order to
advance the research on explainability and more efforts are needed
in this area. How can we say that a system is better than another
if we do not know why? More efforts are needed in the area of
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evaluating explanations. Doshi-Velez and Kim [6], and DARPA [11]
proposals have strong points, but they do not cover all the goals
set on explainable systems, nor all the modalities and explanation
contents.

3 CANWE DO BETTER?
In this section we critically review the previous sections and give
insights on new directions to create better explanations. We build
our proposal upon two main axes: (1) to provide more than one
explanation, each targeted to a different user group, and (2) making
explanations that follow cooperative principles of human conver-
sation.

In order to better contextualize current developments in explain-
ability, we suggest to take into account the communicative nature of
the explanations and to categorize explainees in three main groups,
based on their goals, background and relationship with the product
[4],[5]:

• Developers and AI researchers: investigators in AI, soft-
ware developers, or data analysts who create the AI system.

• Domain experts: specialists in the area of expertise where
the decisions made by the system belong to. For example:
physicists or lawyers.

• Lay users: the final recipients of the decisions. For example:
a person accepted or rejected on a loan demand, or a patient
that has been diagnosed.

Starting with explainability goals, if we take a closer look to the
listed goals, we can detect different needs and explainee profiles for
each of them. (a) verification and (b) improvement goals, clearly
appeal to a developer or researcher profile, who wants to improve
the algorithm’s parameters or optimization. These goals can be
attained with the help of domain experts to whom the tool is in-
tended to help: they will be the ones that detect possible failures
of the system. However, for the domain experts, the main goal can
be to learn from the system (c), to understand the mechanisms of
inference or correlation that the system uses in order to improve
their decision methods or to hypothesize possible general rules.
For domain experts the explainer goal providing explanations is to
grant the system adoption (e). The last goal mentioned by Samek,
the right to an explanation, is clearly targeted to lay users because
the system decisions may have economical or personal implications
for them, although this goal can be also relevant for domain experts,
who might have the legal responsibility of the final decision.

Related to explanation content, Doshi-Velez and Kim [6] argue
that different explanations are needed depending on global versus
local scope, thematic area, severity of incompleteness, time con-
straints and nature of user expertise. We can delve a bit more on
this idea, particularly in the need to tailor explanations to user ex-
pertise, and exemplify it with the following scenario. Let’s say we
have a system that offers explanations at the representational level,
describing data structures; these should clearly not be communi-
cated in the same language for developers as for domain-experts.
Even different area domain-experts will require different kind of
explanations [22].

In terms of types of explanations, Lipton [17] states that humans
do not exhibit transparency, sustaining that human explanations
are always post-hoc. On the other side, many authors are concerned

about the high complexity of machine learning algorithms and the
limits of human reasoning to understand them [26]. This relates to
Nielsen heuristic of progressive disclosure or Shneiderman visual
information-seeking mantra: "Overview first, zoom and filter, then
details-on-demand" as techniques to cope with complex informa-
tion or tasks. To make explanations more human, Naveed, Donker
and Ziegler [21] introduce an interesting framework of explanations
based on Toulmin’s argumentation model. This model proposal is
to communicate decisions giving evidences, like facts or data, that
support the decision, and relating both the evidences and the deci-
sion with contextual information. Other authors suggest interaction
as a way to explore the explanation space: "allowing people to in-
teractively explore explanations for algorithmic decision-making
is a promising direction" [1] "By providing interactive partial de-
pendence diagnostics, data scientists can understand how features
affect the prediction overall" [14].

Likewise, Miller [19] criticizes the current proposed explanations
as being too static, he describes them ideally as "an interaction be-
tween the explainer and explainee". Delving on the fourth feature
he identified in social science theoretical constructs: "explanations
are social", this author parallels explanations to conversations .
Therefore explanations must follow the cooperative principles of
Grice [9] and its four maxims: 1. Quality: Make sure that the infor-
mation is of high quality: (a) do not say things that you believe to be
false; and (b) do not say things for which you do not have sufficient
evidence; 2. Quantity: Provide the right quantity of information.
(a) make your contribution as informative as is required; and (b) do
not make it more informative than is required; 3. Relation: Only
provide information that is related to the conversation. (a) Be rel-
evant. This maxim can be interpreted as a strategy for achieving
the maxim of quantity; 4. Manner: Relating to how one provides
information, rather than what is provided. This consists of the ’su-
permaxim’ of ’Be perspicuous’, and according to Grice, is broken
into various maxims such as: "(a) avoid obscurity of expression; (b)
avoid ambiguity; (c) be brief (avoid unnecessary prolixity); and (d)
be orderly".

We observe that (1), (2), and (3) refer to the content of the expla-
nation, while (4) refers to the type of explanation. Notice that these
4 cooperative principles can also be related to other wanted prop-
erties of explanations [20], such as fidelity or comprehensibility.
Our claim is that Explainable AI for domain-experts and lay users
can benefit from the theoretical frameworks developed for human
communication.

Finally, considering evaluation, we can also observe that different
metrics appeal to different needs and audience. For example, testing
completeness or functionally-grounded evaluation are targeted to
developers or AI scientists, task performance and mental model
appeal to domain experts whereas trust is intended for domain
experts and lay users. If we deliver different explanations, targeted
to a specific of the above mentioned groups, it will be easier to
evaluate them, since we can use the most suitable metric for each
case.

4 USER-CENTERED EXPLAINABLE AI
From the literature review and discussions above presented, we con-
clude that explanations aremultifaceted and cannot be attainedwith
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one single, static explanation. Since it is very difficult to approach
explainable AI in a way that fulfills all the expected requirements at
the same time, we suggest creating different explanations for every
need and user profile. The rest of this section gives more details
on this idea and discusses the different reasons that support our
proposal.

Figure 1: The system targets explanations to different types
of user, taking into account their different goals, and provid-
ing relevant (Grice 3rd maxim) and customized information
to them (Grice 2nd and 4th maxim), as described in section
2. Evaluation methods are also tailored to each explanation

As argued above, we suggest that AI explanations should follow
the 4 cooperative principles previously described. In this context, if
different explanations are specifically designed for different audi-
ences or users, we can design each one with a particular purpose,
content, and present it in a specific way. This procedure makes
it easier to follow the principles of (2) quantity: deliver the right
quantity of data and abstraction, and (3) relation: be relevant to each
stakeholder. Concretely, taking into account the current research in
explainability we suggest these 3 big families of explanations:

- Developers and AI researchers: Model inspection and sim-
ulation with proxy models. These two types of explanations are
very well suited to verify the system, detect failures and give hints
to improve it. The mode of communication fits well the audience,
who are able to understand code, data representation structures
and statistical deviations. Completeness tests covering different
scenarios can be set to evaluate the explanation.

- Domain-experts: provide explanations through natural lan-
guage conversations or interactive visualizations, letting the expert
decide when and how to question the explanation and led her dis-
covery by herself. Explanationsmust be customized to the discipline

area of the domain experts and to the context of their application, be
it legal or medical decisions, or any other, in order to be clear and to
use the discipline terminology. Test of comprehension, performance
and survey of trust can be set to evaluate the explanation.

- Lay users: outcome explanations with several counterfactuals
[26] with which users can interact to select the one most interesting
to their particular case. This explanation is parallel to human modes
and it is very likely to generate trust. Satisfaction questionnaires
can be set to evaluate the explanation.

Our proposal is that explanations need to be designed taking
into account the type of user they are targeted to, as shown in
the pipeline for explanation of Figure 1. That means to approach
explainable AI from a user-centered perspective, putting the user in
a central position. Approaching explainability in that way has two
main benefits. First, it makes the design and creation of explainable
systems more affordable, because the purpose of the explanation
is more concrete and can be more specifically defined than when
we try to create an all-sizes all-audiences explanation. Second, it
will increase satisfaction among developers or researchers, domain-
experts and lay users, since each of them receives a more targeted
explanation that is easier to understand than a general explanation.
Finally, it will be easier to evaluate which explanation is better
because we have metrics that are specific to each case.

Wachter et al. [26] proposal of counterfactual explanations ful-
filling the right of explanation is a good example that supports the
implementation of these principles. In their paper they abound in
the need to make explanations adapted to lay users (user-centered
design) "information disclosures need to be tailored to their audi-
ence, with envisioned audiences including children and uneducated
laypeople" , "the utility of such approaches outside of model de-
bugging by expert programmers is unclear". They also emphasize
the need to give a "minimal amount of information" (be relevant),
"counterfactual explanations are intentionally restricted". Moreover,
when the authors talk about the suitability of offering "multiple
diverse counterfactual explanations to data subjects", they could
benefit from a conversational approach.

While the proposed scheme of user-centered explainable AI par-
ticularly benefits the quantity and relation principles, the manner
can also be chosen to be as appropriate as possible to the user. For
example, although natural language descriptions can be a suitable
modality for any of the three user groups, the specific vocabulary
should be adapted to the user background. In particular, technical
terms are not a good choice for explanations targeted to a lay user,
and explanations for domain-experts should use their respective
area terminology. Finally, regarding to the quality principle, we
think it has to be always applied in the same way, and it is not
necessary to take into account the specific user group.

5 CONCLUSION
While there has been a great progress in some aspects of explain-
ability techniques, we observed that there is a key aspect that is
being misrepresented in several of the current approaches: the user
to whom the explanation is targeted to. Putting explanations in the
user context makes explainability easier to approach than when we
try to create explainable systems that fulfill all the requirements
of a general explanation. In addition, the user-centered framework
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gives clues on how to create more understandable and useful ex-
planations for any user, because we can follow the principles of
human communication, thoroughly studied.

More generally, the increasing demand of explainable AI systems
and the different background of stakeholders of machine learning
systems justify, in our view, to revise the concept of explanations
as unitary solutions and to propose the creation of different user-
centered explainability solutions, simulating human conversations
with interactive dialogues or visualizations that can be explored.
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