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1. Introduction

Software is made for people. Although there is software that interfaces only
with other software, in the end, when programs automatically are adjusting
parameters of the energy plant so that it does not overheat, they do that so the
plant does not shut down completely, cutting off power to human activities.
Many such examples can be found.

Ultimately, the purpose of any software is to make life better for humans [1], [2].
It is therefore around software design that I focus this contribution. Software
design is an intentional process of creating computer applications to meet
specific needs. At its core, design is about problem solving. It starts with a
requirement - a need, a challenge, a goal - and it consists in the development of
a solution that integrates functionality and usability [3], [4].

2. Background and related work

Explainability (XAI) is the capacity to extract from machine learning (ML)
predictors the reasons for their predictions. It can mean improving the ML
algorithms themselves or making model-agnostic algorithms of explainability
that can ex-post extract explanations from the model and its prediction. Each
explanation is run on a specific data point (local explainers) or on the overall
model behavior (global explainers).

The field concerning presentations of XAI is fairly young, with studies on visual
analytics presentations for explainable deep learning algorithms emerging only
around 2015-2016 [§5.6, 5]. With such a new field, sufficient attention to how
exactly presentation modalities shape understanding has been limited. My
approach is to design novel presentations of XAI and evaluate them against
existing state of the art presentations [6].
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There is, however, an important corpus of literature on XAI itself, including
work on popular algorithms like SHAP and recent studies questioning its
efficacy [7], [8], [9].

3. Framework

The approach I propose is based on the research question of whether the
presentation format of an AI explanation significantly affects how users
perceive, understand and utilize the explanation itself. In pursuing answers to
this question, my framework consists of the following steps:

1. Collect the state of the art in XAI presentation to end users.
2. Design and implement new XAI presentations with goals of usability,

comparability, efficacy, realism and innovation.
3. Investigate users needs through pre-registered human studies. For each

interface data will be collected on key features of knowledge acquired
(understanding), relevance of said knowledge in improving the human's
capability to solve problems (actionability) and variations in human trust
towards the automated decision support system.

4. Analyze results on quantitative and qualitative metrics.

Key dimensions under consideration are: visual vs. textual explanations;
traditional/static vs. contestable presentations; technical complexity and
completeness vs. simplified analogies. All these dimensions will be evaluated
relative to the user expertise levels and evaluation will be done employing XAI-
specific metrics, psychological scales, statistical significance analyses and
qualitative considerations. Finally, as a computer scientist myself, this work is
being conducted inter-disciplinarily with psychologists and it is my desire to
involve interested researchers from other disciplines.

4. Case study

In choosing the main case study I aim for one that is of interest to the general
public and that requires no specialist knowledge. Therefore, I chose the domain
of personal finance: a scenario where a person requests a small loan
(50€-1000€) through a banking smartphone app. I investigate automated
decisions of granting or not granting the loan, taken by an ML predictor and
based on the applicant’s characteristics and financial history.
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This approach allows for a broad participant pool and addresses a popular
problem involving features clear to non-experts. Participants will be able to
watch and interactively explore the behavior of the predictor through the XAI-
powered interface, with the study gathering data on how understanding,
actionability and trust change when users are presented with different forms
and presentations of explanations: rule-based as graphical decision trees or
textual descriptions; counterfactuals; feature importances presented as
numbers, graphs or textual descriptions, all presented through different
designs fostering distinct user experiences.

5. Implications and future work

This approach will show how different presentations of the same underlying
explanation lead to different outcomes in human understanding and problem-
solving capacity, which are the ultimate goals of XAI. I will also investigate trust,
recognizing that it is not necessarily a positive quality for an ML predictor. In
fact, an ML predictor that fosters misplaced trust is a source of concern.

There are ethical considerations regarding how presentations of the same
information affect users. When left unchecked, presentation can create deep
biases in the user, while shielding the practitioners from criticism because of
the correct content that is present underneath the facade. When used by
unprepared or malicious practitioners, presentation can be a dangerous
potential source of manipulation.

This work has repercussions for regulators and legal scholars. Current
regulations require "clear and meaningful" explanations of automatic decisions
in high-risk cases [10]. As understanding of human perception of explainability
grows, so can a corpus of best practices as well as our awareness of particular
points of vulnerability of XAI systems when employed for critical human
decisions.

Moreover, this work contributes to philosophical discussions: how we should
balance the need to foster correct and relevant understanding of ML systems
with concerns of scientific paternalism and how we, researchers in computer
science, must join a conversation on this point, one that is conducted trans-
disciplinarily. Finally, questions about the human concept of trust are key: is
trust towards the computer system the same as trust towards its designers, or
are we measuring two different things?
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6. Conclusion

This abstract proposes a perspective and a research framework that will show
how presentations of XAI fundamentally shape user understanding,
actionability and trust. By developing new presentations of XAI and comparing
them with existing ones, the work will provide empirical evidence on how
different interfaces affect these dimensions. The findings hold implications
across disciplinary borders spanning from research to industrial and
regulatory fields. Ultimately, this work acknowledges the ethical dimension of
presentation choices in XAI and aims to ensure that explainable systems truly
serve their human users, aligning with the core principle that software is made
for people.
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