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Abstract. One frequent concern associated with the development of Al models
is their perceived lack of transparency. Consequently, the Al academic
community has been active in exploring mathematical approaches that can
increase the explainability of models. However, ensuring explainability
thoroughly in the real world remains an open question. Indeed, besides data
scientists, a variety of users is involved in the model lifecycle with varying
motivations and backgrounds. In this paper, we sought to better characterize these
explanations needs. Specifically, we conducted a user research study within a
large institution that routinely develops and deploys Al model. Our analysis led
to the identification of five explanation focuses and three standard user profiles
that together enable to better describe what explainability means in real life. We
also propose a mapping between explanation focuses and a set of existing
explainability approaches as a way to link the user view and Al-born techniques.

Keywords: Explainable Al, Explainability, User research, User centered
design.

1 Introduction

1.1 Background

Support from Atrtificial Intelligence (Al) and in particular machine learning
algorithm has become pervasive in our personal and professional lives. However, one
frequent concern is the perceived lack of transparency of such models, in particular
when they are used in a context that can have a material influence on our lives, such as
health, recruitment, legal or banking settings. It has thus become essential to further
develop the capability to explain such advanced models.

In fact, the Al academic community has been active in exploring mathematical
approaches that can increase the explainability of models (e.g., LIME [1], Shapley
value [2], counterfactual explanations [3]). However, such efforts have been
predominantly based on computer scientists’ perceptions of what constitutes an
explanation. This may produce a gap between explainability techniques and what it
means to explain to real users [4] [5].

In this study, our objective is not to further develop technical solutions but rather
(i) to take a user-centered perspective in defining what it means to explain Al models
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and (ii) to study the fit and alignment of existing explainability methods in practice,
i.e., with real users. To further anchor our analysis in real-world setting, we have
focused specifically on Al models used within a financial institution though a large part
of our analysis is not sector specific.

We start by reviewing explainability techniques. We observe that the current
methods are suited for a specific population i.e., data scientists and that the needs of
other stakeholders have not necessarily been considered. The main contribution of the
paper stems from the insights derived from our user study focused on the variety of user
needs for understanding and explaining Al based on the diversified view of
stakeholders within a large financial institution. We organized the study in two phases:
individual user interviews and group workshops. In the end, our analysis led us to
define (i) three user profiles who need explanations with different motivations in
different contexts (ii) five “Explanation focuses”, which corresponds to specific
explanation concerns of users and (iii) a mapping between explanation focuses and
explainability methods.

2 Related work

In this section, we review some key concepts of explainable artificial intelligence
(definition and needs) and summarize what has been done from computer science and
human computer interface (HCI) academic communities.

2.1 XAl definition

Defense Advanced Research Projects Agency (DARPA) initiated explainable artificial
intelligence (XAI) program in 2017 [6] to address a machine’s inability to explain its
thoughts and actions to human users. They then introduced XAl with the goal of
enabling users to understand, trust, and effectively manage this emerging generation of
artificial intelligence models. Ever since, there has been a surge of interest in the
research on XAl both in the Artificial Intelligence (Al) and HCI communities. As a
consequence, multiple related words have emerged seeking to provide an additional
level of specification about the underlying needs and concepts, in particular
interpretability, explainability and intelligibility [5], [7]-[12]. For example, Doshi and
Kim [8] define interpretability as “the ability to explain or to present in understandable
terms to a human”. Separately, Gilpin et al. believe that interpretability is not sufficient
for human to understand black-box models. They propose to define explainability as
“models that are able to summarize the reasons for neural network behavior, gain the
trust of users, or produce insights about the causes of their decisions.” [13], which goes
beyond interpretability. Liao et al. consider explainability to be everything that makes
machine learning (ML) models transparent and understandable to humans [5].
Recently, Arrieta et al [12] clarified some related concepts including understandability,
comprehensibility, interpretability, explainability and transparency. They propose that
transparency, interpretability and comprehensibility be merged together into



understandability (or intelligibility), which measures the degree to which a human can
understand a decision made by a model.

From these definitions, we observe that there is not yet clear consensus on their
individual definition and they are sometimes used interchangeably [14]-[16]. However,
these definitions share implicitly one common factors: the importance of considering
the recipient of the explanation, the one who asks questions about the Al models and
receives the explanations. The purpose of this paper being focused on real-world
feedback rather than concepts, we do not seek to contribute directly to the semantic
discussion of the nuances among all those terms. In the remainder of the paper, to avoid
ambiguity, we chose to use explainability when we talk about the explanations that
users need.

2.2 XAl techniques

The computer science community has been actively exploring approaches to improve
the explainability of algorithms as it can constitute a clear barrier — among others — to
the broad deployment of artificial intelligence solutions to end users. In that spirit,
methods have been developed to enable people to derive insights into the functioning
of an Al solution.

Several taxonomies have been proposed for users to understand the diverse forms of
explanations that are available and the questions that each can address [12], [14], [17]-
[19]. First, an explanation can either be static or interactive depending on whether the
response can be changed according to the feedback from the user. One example of
interactive explanation can be a dialog, for instance through a Chabot. Nonetheless, the
vast majority of the literature focuses on static explanations [14]. We can also define
explanations according to how they are generated [8]. Explanations can be an intrinsic
part of the model, in the sense that there is no need for an additional model to generate
the explanation. Such models are deemed by nature transparent and easy to interpret
for most of the users. The most common examples are short decision trees or sparse
linear models [20]. They are often referred to as white box Al models or transparent
models by opposition to Black box models such as random forest and deep neural
networks. Recently, computer scientists have also worked on self-explaining neural
networks, which consists on modifying the architecture of a network to make it
interpretable (Explainability by design) [9], [10]. By contrast to intrinsic explanations,
a post-hoc explanation is based on applying an additional Al method on the initial
model (the decisions are already made) [1], [2], [21]-[25]. Typically, post-hoc
explanation approaches can be used on all kinds of Al models, i.e., they are model
agnostic, which gives them some sort of universality. Finally, explanations can be either
global or local. Global explanations seek to describe the behavior of the entire model
[2], [21]-[23], while local explanations provide explanations for single prediction[1],
[2], [24], [25].

The majority of explainability methods work either by analyzing the contribution of
input features to the model outputs, we call them feature based explanations or by
analyzing the instances that were introduced in the model we call them example based
explanations[26]-[28]. An important consideration at this point is that the methods



mentioned have predominantly come from the computer science community and are
therefore biased towards computer scientists needs for explanation. Existing solutions
for XAl are mostly developed in the format of a python package, usually using one or
several explainability techniques (Eli5?, AIX3602, xai®, ethik?). They thus tend to be
better suited for explanation to Al experts or for debugging purposes for technical
practitioners (e.g., data scientists). A concrete example could be the self-explaining
neural network, while data scientists can read into the additional explainer layer of the
neural network to learn the contributions of input features, this type of information are
not interpretable for other users [9].

In this paper, our ambition is not to develop new explainability techniques but rather
get insights of users’ need on this topic especially those who were less served by the
current solutions. However, we sought to map the existing realm of such techniques
with our findings, so as to better understand what aspects of user-needs for explanations
are well-covered and which ones may require further investigation.

2.3 XAl HCI approaches

Given that the way of representing explanations of Al models depends on the recipients
as well as their needs, it is essential to work on XAl from user-centered approach. In
this section, we reviewed the main contributions to the concept of explainable Al in the
HCI community around (i) developing a better understanding of the need for
explainability, (ii) enabling visual analytics for XAl to facilitate the users to understand
the overall model behavior and input feature behavior and (iii) studying theoretical
constructs for XAl from social science.

Regarding the needs for explainability. Many studies have explored what prompts
the need for explainability [13], [29], [30], for instance improvement and optimization
of the system, identification of the potential bias and ensuring that the performance
(accuracy, precision, robustness and stability) of a model is adequate. Some studies
have mentioned that users may seek explanations for verification purpose when there
is a deviation or an inconsistency between what is expected and what has occurred [31],
[32]. Miller [9] and Samket et al. [29] both propose that people want explanation to
facilitate learning by identifying the hidden laws of nature and “extracting the distilled
knowledge” in order to predict and control future phenomena. Some also need
explanations to improve the efficiency of their decisions making process when using
an Al product. Compliance with regulation is also a key reason for seeking to improve
the explainability of Al systems. Indeed, the European Union set a “The right to
explain” regulation whereby individuals subject to a decision made by an Al system
should be provided with an explanation of why a specific decision has been made.
Further on, end-users may also wish to understand what could be changed to obtain a
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better result [27]. Overall, this research stream highlights that the need of an
explanation can be motivated by a variety of reasons, from a diverse set of users [33].

Visual analytics for XAl. In parallel, there has been burgeoning efforts around
developing explainable user interfaces, specifically with interactive visual analytics
capability to support model explanation, interpretation, debugging and improvement
[33]-[36]. Some tools are specifically designed for technical profiles to inspect and
analyze the model they build or use. For example, Prospector [37], Gamut [38] and
What-If Tool [39] are similar tools designed to help data scientists understand the
impact of input features on the model predictions, investigate the outcome of the model
globally and locally. Other solutions like Shapash or Waston Openscale have given
more consideration to non-technical users. Shapash [40] provides an visual support
with both global and local explanations for data scientist but only local explanations for
end users. Waston Openscale ° only provides information to explain the model output
of a given instance.

Theoretical constructs of XAl from social science. A few studies have also looked at
the challenge of explaining Al models from a social science perspective, leveraging
knowledge into how human usually reason and explain from philosophy and
psychology. For instance, Wang et al. [4] proposed a user centric XAl framework that
links concepts in human reasoning process with explainable Al techniques. We
leveraged their work when we developed our interview guide. Liao et al [5] developed
an algorithm-informed XAl question bank where user needs for explainability are
represented in terms of prototypical questions. They first identified a list of XAl
methods and then mapped them to the questions that users might ask about Al models
or Al products. They designed the questions leveraging the taxonomy of Lim&Dey and
by interviewing 20 UX and design practitioners who work in the Al domain, they
refined and enriched the user questions representing explainability needs.

Our work shares the similar goal of understanding from people their explainability
needs. However, Liao et al’s [5] work result of XAl question bank is only based on the
point of view of design practitioners and their perception of others. In our work, we
sought to get direct reactions from a variety of stakeholders, technical and non-
technical, involved the Al project lifecycle. Our analysis thus contributes practical
knowledge about what an explain means to real users of Al.

3 User study

Our user study aims at understanding from a variety of real-world users involved in the
development, deployment and use of Al techniques, what their needs and expectations
are in terms of explaining Al solutions. The context of this specific study is a large
financial institution where Al models are routinely being deployed for a variety of use
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cases. We will call it “test institution” in the remainder of the paper. We conducted the
user study in two phases: (i) individual user interviews where we identified the standard
user profiles and common themes related to users concerns about the explanations and
(ii) group workshops where we refined those findings.

3.1 Individual user interview

The user interviews aimed at discovering: (i) users’ knowledge of Al and level of trust
in Al models (ii) users’ needs with respect to understanding and explaining Al models,
along with their current approach for doing so (iii) users’ pain points during the process.

Participants. We recruited participants (on a voluntary basis) seeking to obtain a
variety of profiles from different business lines and functions. Specifically, we listed
the user profiles that we would like to interview and dispatched broadly recruitment
emails throughout the test institution asking for volunteers to share their experience
around the XAl topic. In the end, our participant pool was composed of 33 persons with
different responsibilities and skills: data scientists, model developers, inspectors, risk
analysts, business analysts, project managers, relationship managers among others. We
note however that we had a limited number of end users (relationship managers, clients)
that have direct usage of model predictions or are affected by the model predictions.

Questionnaire guide. We designed an interview guide to ensure that we cover the same
topics consistently across all the interviews. We organized it around four main
categories:

o Professional activities: Background questions about current professional activity.

¢ Knowledge of Al models: Questions around participants’ knowledge of Al models
and their interaction with Al models (modeling, model management or use of model
predictions).

e The need of understanding the Al model: Questions leading participants to describe
situations where they usually need to understand Al models (entire Al model
behavior or model predictions), how they proceed and what their main concerns are.

e The need of explaining the Al models to others: Questions leading participants to
describe situations where they usually need to explain Al models to another person
(entire Al model behavior or model predictions) and what the questions from those
third parties are.

Procedure. Before the formal interview, we conducted several pilot tests to verify the
appropriateness of the questions and clarify aspects that were ambiguous. Each
individual user interview lasted approximately 45 minutes. We conducted them via
skype meeting due to the constraints from the sanitary situation. During each session,
at least one UX designer animated the session, and one data scientist or business analyst
observed. The moderator started by giving a brief introduction of the project and asked
the participants for consent to record the interview for the analysis purposes. Then, the



moderator let the participant talk about their background experience. After that
introductory discussion, the moderator asked the questions following the interview
guide. The moderator encouraged the participants to provide as many details as
possible. Participants could also use screen sharing or send screenshots to illustrate their
answers whenever relevant.

Analysis. In addition to our notes, we transcribed all the recordings manually so as to
ensure that we did not discard any useful information. This generated a large amount
of qualitative data for analysis (around 1400 minutes of interviews were recorded and
transcribed). For the analysis procedure, we decided to rely on thematic analysis.
Thematic analysis is a systematic method of breaking down and organizing rich data
from qualitative research by tagging individual observations and quotations with
appropriate codes, to facilitate the discovery of significant theme [40]. A theme is a
description of a belief, practice, need or another phenomenon that is discovered from
data. Overall, our analysis process followed mainly five steps:

e Transcription: write down the participants’ verbalization. This was done by hand
which was tedious but enabled at the same time to help us increase our familiarity
with the data.

e Coding: assign preliminary codes to the transcripts based on its content. A code
could be a word or a phrase that acts as a label or a segment of text.

e Categorization: group the codes with similar meanings.

e Search: look for patterns or themes in the code groups that represented the
information related to the explanation.

e Review: return to the transcription and compare the themes to make sure that our
themes are useful and accurate.

Specifically, we printed out all the transcripts and posted them on a white board based
on the categories that we had defined a priori: understanding and explaining. Then we
highlighted with different colors the segments of texts associated with different themes.

In the end, the in-depth analysis of the transcripts from those interviews led to the
identification of eight themes, which we call explanation focus, and which correspond
to specific explanation concerns of users. Those eight explanation focuses were:
justification of a local result, model performance, feature importance, feature analysis,
model mechanism, business expertise, business impact simulation and
recommendation.

Another important output of this first phase of our user study was the articulation of
the diverse needs throughout the whole Al project lifecycle. We defined three phases:
modeling, decision-making (model management) and the use of model, with three
associated user profile namely model developer, model owner (the person that
requested the development of the model and that will take responsibility for it) and
finally the model users.



The purpose of the interview was to better understand and characterize user needs
for explanations and preference in terms of information provided for the sake of
explanation.

3.2 Group workshop

To fine-tune our findings, we conducted several group workshops with members from
one specific data science team within the test institution. The goal of those workshops
was to provide feedback on the eight explanation focuses and also on the three standard
user profiles. To anchor the discussions we considered specific use cases.

Decision
Modelling Making Use of Model
Data ‘ORC Risk T Operation
scientist ‘operator officer
Model fi
Model Feature Madel Model Feature performance Justification Business
performance importance mechanism performance importance (Recall of local result expertise
Business Decision rule Feature
expertise optimization importance

Fig. 1. Fraud detection use case example. Note: participants put feature importance in the use of
model phase, which means the operational officer may be interested in knowing the feature
contributions in predicting a fraud. However, there is a concern about the level of details of
features exposed to the end user due to the risk associated with the ability to reverse-engineer
such a system.

Participants. We invited all members of the data science team to participate in
brainstorming sessions. In the end, we recruited six data scientists, one data engineer
and one business analyst. We organized four workshops, three with data scientists, and
one with the data analytics engineer manager and business analyst manager as they both
served similar project management function in the development of Al projects.

Procedure. For each session, we proceeded as follows: A UX designer served as
moderator and was supported by one technical profile for technical questions and a
second person to take notes. First, we briefly introduced the eight explanation focuses,
providing definitions. Second, we asked participants to comment on each definition and
help refine them. Once we had a shared understanding of the explanation focuses, we
discussed the four standard use cases one by one. We asked them to brainstorm on the
stakeholders involved in each of the three phases of the development process and
identify which explanation focuses were relevant based on their professional



experience. An example of output from those discussions based on a fraud-detection
use case is presented in Fig. 1.

4 Discussion

4.1  Explanation focus

An explanation focus constitutes an “atomic” piece of information that contributes to a
specific need for model explanation. After discussion in the group workshops and
further discussions among the research team, we decided that the initial eight
explanation focuses could be reduced to five.

Table 1. Definition of Explanation focus

Explanation focus Definition

Model mechanism
How does the algorithm work?
What kind of algorithm was used?

Description of logic of the chosen class of
algorithms.

Model performance
Is the model performance good enough
(precise, accurate, robust, and reliable)?

Information about model performance.

Main contributors
What are the main contributors to the model
predictions globally and locally?

Information about the contribution of the set
of input features to the model predictions
globally and locally.

Input feature behavior
What is the relationship between each input
feature and the model predictions?

Information about (i) the nature of the
relationship between each input feature and
the model predictions (Linear, monotonous
or more complex) and (ii) the effect of
changing the value of a given input feature on
the prediction.

Example-based justification

Why this prediction given this instance?
How should this instance change to get a
different prediction?

Information justifying the specific prediction
for a given instance including both why and
why not another output.

Specifically, considering the type of information that each explanation focus
provides, two of them could be merged into one broader definition. Specifically, the
recommendation explanation focus, which involved explaining what needs to change
to obtain a different result from the model was merged with the justification of a local
result. We also modify the label of that broader group to example-based justification,
which focuses on providing information justifying the specific prediction for a given
instance including both why and why not another output. Regarding the business
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expertise explanation focus, what we meant initially was to verify if the overall
relationship between a given input feature and model predictions made sense from a
business perspective. This is more related to the user’s goal instead of the focus of the
explanation. We merged it with sensitivity analysis that we renamed to input feature
behavior with larger definition on the relationship between each input feature and the
model predictions. Regarding the business impact simulation explanation focus, we
observed from the user interviews that some users needed to be able to determine the
optimal parameters of the model (i.e. probability thresholds). We recognized that this
was also about the user’s goal to ensure the capability of the model predictions in real
world use. Hence we merged it with model performance.

In the end, we propose the five explanation focuses with their definitions and related
explanation needs in Table 1.

4.2 User profiles

From the study, we also identified three standard user profiles who are the target
recipients of explanations throughout the Al project lifecycle. This finding is also
consistent with Ribera & Laperdriza’s work [41]. They categorized the explainees in
three main groups based on their background, goals and relationship with the Al
product: developers & Al researchers, domain experts whose expertise is used for the
system to make decisions, and lay users who are final recipient of the model decisions.
We added the notion of the Al project lifecycle into the explanation needs because we
think it is significant to better understand the context in which the users need different
explanations. Table 2 articulates the motivations that we identified behind each
explanation focus for each user profile. Note that we have two technical users
associated with model development: the model developer and the model validator. They
have similar motivation though the model developer typically has the ability to directly
modify the model while the model validator can only make recommendations.

Model developers / validators. They are both technical profiles, typically data
scientists. They need to understand what drives the model to make sure the behavior of
the model is coherent with the use case and the data. They need information to check
potential problems such as bias, generalization, information leakage, stability. The
model developers also need to explain their findings to two kinds of people: (i)
the model validator and (ii) the model owner. To the first person the explanation is
geared towards explaining the inner workings of the model so that they are assured that
the model development followed the appropriate discipline. To the model owner, the
content of the explanation is intended to make sure that the model answers the business
needs, and that the performance and limitations of the model are well understood. The
model validators need to be satisfied that the model works as intended and that it does
not display problematic behaviors. They possibly need to report those findings to
the model owner.
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Table 2. Explanation focuses to user profiles taking into account their different needs

Name Model developer/ Model owner Model user
validator
Model Ensure that model (logic) Ensure that model (logic) is Curiosity: Learn and
mechanism is coherent with the use coherent with the use case and | apprehend a new
case and the data. the data. concept.
Curiosity: Learn and
apprehend a new concept.
Model Explain the strengths and Ensure that model Be convinced that
performance limitations of the model (performance) is coherent the model
(error, false positive, bias). | with the use case and the data. | (performance) is
coherent with the
Ensure that model Ensure that the model use case and the
(performance) is coherent | robustness and stability is data.
with the use case and the sufficient for the use case.
data. . Curiosity:
Provide support to choose Understand what
Investiggt_e the sensitivity among mul_tiple models or to performance means
and stability of the model choose optimal parameters of | o a0 Al model.
performance to modeling the model (e.g. Thresholds).
changes.
Main Ensure that the input Ensure that the input features | Understand the

contributors

features of the model are
coherent with the use case
and the data by checking
globally and locally
possibly leading to the
modeling changes.

Investigate model errors
(false
positives/negatives/no
discriminative feature/no
bias).

of the model are coherent with
the use case and the data, that
no discriminative feature were
used, by checking globally
and locally possibly leading to
the modeling changes.

Develop or confirm insights
into the contribution of the
input features to the model
predictions or for a given
instance.

contribution of the
input features for a
given instance
possibly explaining
to a third party.

Develop or confirm
insights into the
contribution of the
input features to the
model predictions or
for a given instance.

Input feature

Ensure that the input

Ensure that the input features

Develop or confirm

behavior features of the model are of the model are coherent with | insights into
coherent with the use case | the use case and the data (no influence of input
and the data (no bias) bias) possibly leading to the data on the model
possibly leading to the modeling changes. predictions.
modeling changes. L
Develop or confirm insights
into influence of input data on
the model predictions.
Example- Ensure that the model Ensure that the model Understand the
based behavior is coherent with behavior is coherent on a model behavior for a

justification

the use case and relevant
input data.

Investigate model errors

(false positives/negatives).

given instance.

given instance
possibly explaining
to a third party.
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Model Owners. They need to understand enough the model to determine if it is
coherent with the use case and the data, if performance and limitations are taken into
account for deployment. Additionally, they may develop or confirm business insights
into the model behavior. They need occasionally to explain to the model users how the
model makes decision and seek to also instill trust in the model to be deployed. The
model owners are the ones taking the responsibility of the model in the end and thus
their need for explanation is driven by that responsibility.

Model Users. They need to be convinced that the model is coherent with the use case
and the data in order to develop trust in the model. Moreover, they may be curious about
the underlying decision rules of the model predictions and they should be able to
understand specific prediction for a given instance. They may be required to explain a
specific prediction to a third party (customer).

In general, from the user study, we noticed that people asked different questions in
understanding and explaining Al model behavior or their predictions, however those
questions can be answered by providing the same information. This is consistent with
the Lim&Dey’s findings that users use different strategies to check model behavior and
thus ask different questions for the same explanation goals ([42], [43]). Nevertheless,
the way to represent this explainable information varies from one user to another.
Therefore, it will be insightful to match the explanation focus with the explainability
techniques. Likewise, each explainability technique can be represented by different
visualizations (e.g., tables, graphs, interactive interfaces).

4.3  Mapping

In our broader exploration of XAl we have carried out a thorough state-of-the-art study
on some of the most popular explainability methods [1], [2], [21]-[26], [44]. We
proceeded to map those to the explanation focuses that we have outlined [2], [21]-[23],
[26], [44], as a way to connect our findings from the user study with the technical XAl
landscape.

To approach the mapping, we organized a group discussion where data scientists and
UX designers gathered to exchanges the findings from both sides (UX and Al). The
discussion was organized around three main phases. First, the data scientists pointed
out the principles of different explainability methods, the meanings of some common
performance metrics, the type of information that each explainability technique brings
and the suitable cases for each technique from a data scientist point of view. Second,
the UX designers shared the five explanation focuses, and gave some details on the
information that users required, and the potential needs associated with each
explanation focus. Finally, the two teams worked together and tried to match the
suitable explainability techniques to the explanation focus by going through one
explanation focus at a time. The result of those interactions is summarized on Fig. 2.
This visual summary aims at being a starting point for this exercise that should be
enriched based on further addition of explainability techniques or refinement of existing
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ones. At this point, some of the explanation focuses are associated with only one
specific explainability method: specifically, the information that corresponds to ‘Model
performance’ is solely given by Performance Metrics. By contrast, others are supported
by multiple techniques; for example, we can use either Permutated feature importance
or SHAP summary plot to give information about what are the main drivers of the
model prediction, i.e., Main contributors.

EXPLANATION FOCUS Example-based

Justification

Model mechanism ]

Model ] " Input feature behavior

Permutation
feature SHAP (global) SHAP (local) POP ALE
importance

EXPLAINABILITY TECHNIQUES, Counterfactual

explanation ProtoDash

VISUALIZATIONS.

e N e R e e = N = R =D
(o JcJe I Je o JC ]

Fig. 2. Mapping between explanation focus and explanation techniques

Overall, the explanation focuses provide a novel level of granularity in the definition
of explanation in the context of Al models. The initial mapping provides an overarching
framework to articulate the link between the user needs and technical solutions, as well
as to identify both technical and UX areas that may be underserved at this point. This
relationship can serve as a guide for choosing explainability techniques and
visualizations to compose coherent explanation solutions depending on explanation
focus of users.

For instance, our study led us to realize that there were limited coordinated efforts
dedicated to the explanations of model mechanism, each person resorting to their own
inspirations for such tasks. Similarly, for specific explainability techniques, different
versions of visualization could be designed for different users and contexts, which need
to be defined and evaluated. Finally, from a technical perspective, it will be interesting
to see which explainability methods are widely available, or only for a subset of models,
i.e. where there are further technical approaches to be defined and in the same
perspective, which ones are used most often and in which context.

5 Conclusion

While there had been great progress in the research field of XAl, particularly
development of novel XAl techniques, we observed that there was limited work on
refining what explainability means to real users. This paper describes a user-centered
analysis of what explanation means to different real-world practitioners of Al, when,
what and why they need an explanation. We identified five explanation focuses and
three standard user profiles within the Al project lifecycle. Based on these findings, we
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propose a framework mapping explanation focuses and explainability techniques. We
believe this could also guide the design of explainability visual supports and novel
explainability techniques and coordinate further efforts in this challenging
multidisciplinary topic.
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