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“XAl presents as much of a design challenge as an algorithmic challenge” (Q. Vera Liao and Kush R. Varshney, 2022)

Sina Mohseni, Niloofar Zarei, and Eric D. Ragan. 2021. A Multidisciplinary Survey and Framework for Design and Evaluation of
Explainable Al Systems. ACM Transactions on Interactive Intelligent Systems 11, 3—4: 24:1-24:45. https://doi.org/10.1145/3387166
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Visual analytics systems targeting laypeople, supporting
shepherding, or containing direct explanations are rare.

(WIREs 2021)
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Abstract

To make predictions and explore large datasets, healthcare is increasingly
applying advanced algorithms of artificial intelligence. However, to make well-
considered and trustworthy decisions, healthcare professionals require ways to
gain insights in these algorithms' outputs. One approach is visual analytics,
which integrates humans in decision-making through visualizations that facili-
tate interaction with algorithms. Although many visual analytics systems have
been developed for healthcare, a clear overview of their explanation tech-
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1 | INTRODUCTION

Healthcare professionals are increasingly acquiring vast amounts of electronic health records, analyzing these data with
advanced algorithms like artificial intelligence (AI), and basing decisions on the algorithmic outcomes (Miotto
et al., 2018). Countless examples illustrate the rise of AI in healthcare: Stiglic et al. (2018) and Kopitar et al. (2020) built
predictive models for chronic diseases, X. Liu et al. (2019) detected diseases from medical imaging with deep learning,
Viani et al. (2021) and Carriere et al. (2021) applied natural language processing to extract disease onset from textual
health records and to assist with rehabilitation assessment and treatment, and so on.

The shift towards “big data™ and Al comes with tremendous opportunities for healthcare, but also entails important
challenges (Ahmad et al., 2018). A prominent challenge is that well-performing techniques such as deep learning gener-
ally yield “black box™ models: understanding how they establish outputs is hard or even infeasible. Many healthcare
stakeholders deem it unacceptable to fully rely on “black boxes,” and call for explaining algorithmic decision processes.
This call is further reinforced by medico-legal and ethical requirements, and regulations on Al use like the European
GDPR, which endorses a right to explanation (Goodman & Flaxman, 2017).

WIREs Data Mining Know! Discov. 202161427, wires.wiley.com/dmkd © 2021 Wiley Periodicals LLC. | 10f19
htps://doi org/10.1002/widm. 1427




Visual analytics systems targeting laypeople, supporting
shepherding, or containing direct explanations are rare.

(WIREs 2021)
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Visual analytics systems targeting laypeople, supporting shepherding,
or containing direct explanations are rare! (WIREs 2021)



Experts react differently to an unknown prediction model;
6 evolving themes affect their trust in the model. (TREX 2021)
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Trust in Prediction Models: a Mixed-Methods Pilot Study
on the Impact of Domain Expertise

Jeroen Ooge* Katrien Verbert”
Department of Computer Science
KU Leuven
ABSTRACT 2. We illustrate that only knowing people’s expertise in predictive
People’s trust in prediction models can be affected by many factors, modelling does not suffice to predict their trust in a prediction
including domain expertise like k ledge about the appli model;

domain and experience with predictive modelling. However, to what
extent and why domain expertise impacts peoples trust is not entirely
clear. Tn addition, accurately measuring people’s trust remains chal-
lenging. We share our results and experiences of an exploratory pilot
study in which four people experienced with predictive modelling
systematically explore a visual mml)uu sy \IL!I) with an unkmw.n
prediction model. Through a d hods .nppmach I

Likert-type questions and a semi-structured interview, we investigate
how people’s trust evolves during their exploration, and we distil
six themes that affect their trust in the prediction model, Our results
underline the multi-faceted nature of trust, and suggest that domain
expertise alone cannot fully predict people’s trust perceptions,

1 INTRODUCTION

Intelligent systems like visual analytics systems are increasingly
incorporating artificial intelligence to support end-users in decision-
making [9, 17, 22]. To make well-informed decisions, it is vital that
people appropriately trust the underlying models [12, 14]. Therefore,
lots of research has been dedi d to trust in h P inter-
action [e.g., 4, 8. 29, 32], specifically in information visualisation [3]
and explainable artificial intelligence [e.g.. 2. 30, 33]

However, trust is a slippery concept because it is related 1o many
factors [15]. One example is domain expertise. which can refer to
artificial intelligence or the application domain in question. Previous
studies have shown that both facets can influence people’s trust in
an automated system (2. 15, 28]. Other factors that might affect
trust include the way in which information is visualised [25], age
[21]. uncertainty [31]. cognitive load [35]. model accuracy [34].
algorithmic transparency [20], and the point in time on w the
intelligent system is used |18, 24, 26, 27, 28]. / consequence of
this long list of influential factors, measuring trust is very challeng-
ing. Researchers have proposed Likert-scales that capture people’s
trust in an automated system [e.g.. 10, 11, 19, 23], often inspired
by the psychological literature on trust relations between humans
[16]. However, there is still debate about these scales’ validity. and
even about whether explainable artificial intelligence should focus
on trust in the first place [6].

In this paper, we share our results and experiences of a mixed-
methods pilot study with four participants who are familiar with
predictive modelling, and active in agrifood domains. Our research
contribution is threefold:

1. To measure people’s expertise and trust in a prediction model, we
propose a mixed-methods approach that goes beyond using single
Likert-type questions, yet remains feasible in real-life studies:

*e-mail: jeroen.ooge @kuleuven.be
Ye-mail: katrien.verbert@kuleuven.be

w

. By thematically analysing the transcripts of semi-structured inter-
views, we extract six factors that might influence people’s trust
in a prediction model.

2 RESEARCH MOTIVATION

Research on trust in i systems often subdivids
into those who are familiar with a certain topic (“experts”™
those who are not (“non-experts” or “laypeople”) [c.g., 28,
research goal is then to find differences between, and similarities
within those groups. We were interested in the latter, particularly in
whether people experienced with predictive modelling have similar
trust perceptions when they explore a visual analytics system with-
out knowing the underlying prediction model. Inspired by studies
on trust evolution over time [18, 24, 26, 27, 28], we decided to show
people increasingly more visual information about a prediction out-
come, and 1o capture their trust evolution. Specifically, our research
questions were as follows:

* RQI. Do people experienced with predictive unxldlm ha\«c
similar trust levels and ions for an unk
model?

+ RQ2. What influences trust in an unknown prediction model for
people experienced with predictive modelling?

To make fair ¢ i we needed partici| with similar back-
grounds. We chose to target people in agnlood because research on
trust and uncertainty visualisation is limited in this domain [13].

3 MATERIALS AND METHODS

This section presents how we conducted our study. We first describe
our visual analytics system and overall study design. Then, we
provide more details on how we measured expertise and trust.

3.1 Visual Analytics System
We developed a simple visual analytics system for exploring the
price evolution of food products in various European countries.
For each country, we fit a third-degree pol\ numml 1o the available
past data with linear and least imati uscd
a five-year i I
intervals at levels 50 to 99 mlh increments of five. ()buoual) more
sophisticated techniques for Iorccaﬂmg time series exist; we used
linear regression only for ill Fig. 1 shows our
dashboard with at the bottom five checkboxes that enable visual
I related 1o the i outcome and model: Past data,
Future prediction, Future uncertainty, Past fit, and Past uncertainty.
The past data were visualised as a full line, future prediction and past
fit as dashed lines. and the uncertainty as stacked coloured bands
(also called fans). Our system was built with Meteor, React and D3,
and is available at https://github.com/BigDataGrapes-EU/
product-prices-public.
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Usability, usefulness and needs, and model understanding affect
appropriate trust. User-centred approaches are key for uptake of visual

DSSs. (Agriculture 2022) N agriculture P

Article
Visually Explaining Uncertain Price Predictions in Agrifood:
A User-Centred Case-Study
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Usability Usefulness and needs

Need for comparisons
Overall usefulness of the visualisation
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Workflow Need for tailored explanations
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Understanding the visualisation
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Abstract: The rise of ‘big data’
that harvest the power of artificial intelligence. While many such systems have been proposed,

in agrifood has increased the need for decision support systems

their uptake is limited, for example because they often lack uncertainty representations and are

rarely designed in a user-centred way. We present a prototypical visual decision support system

that incorporates price prediction, uncertainty, and visual analytics techniques. We evaluated our

Model understanding

prototype with 10 participants who are active in different parts of agrifood. Through semi-structured

Presence of uncertainty

Explanations Understanding the algorithmic level
Model understanding / Understanding the outcome level

Model performance Understanding by comparing countries

interviews and questionnaires, we collected quantitative and qualitative data about four metrics:
usability, usefulness and needs, model understanding, and trust. Our results reveal that the first
three metrics can directly and indirectly affect appropriate trust, and that perception differences exist

between people with diverging experience levels in predictive modelling. Overall, this suggests that

user-

entred approaches are key for increasing uptake of visual decision support systems in agrifood.
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1. Introduction

Under the impulse of success stories in other domains, artificial intelligence and
‘big data” are on the rise in agrifood [1], leading to promising research directions such as
Agriculture 4.0 [2] and the broader Agrifood 4.0 [3], precision agriculture [4-6], and smart
farming [7-9]. While the adoption of such technologies is still modest in real-life agrifood
applications [10], it is expected that the wide availability of cloud computing and remote
sensing [11] will further boost their spread [12]. To process the explosive dmounl of

P3 P8 P6 P5 P10 P9 Pl P4 Academic Editor: Maciej Zaborowicz  information in this era of growing dn;.,m\.mu.n and to make data-grounded dec
e agrifood stakeholders increasingly need the assistance of decision support systems (DSSs) [2]
Received: 13 June 2022 i) ) % e 5
Understanding the visualisation Accepted: 9 July 20: that facilitate learning and allow to modify dcus.mn processes by integrating domain
. = Published: 14 July 2022 knowledge, rather than systems that merely prescribe actions [13,14].
Past fit and uncertainty are not understood ; Yet, even though the need for DSSs in agrifood has been acknowledged for over two
Publisher’s Note: MDPlstays neutral — decades [13] and many prototypes have been proposed [2,15], the uptake of thes
Need for control with regard to jurisdictional claimsin |y aq been limited so far. Parker et al. [16,17], Zhai et al. [2], and Rose et al. [18] d
More control over the prediction model . « e published maps and institutionalaffl- goyaral reasons for this low uptake: user interfaces of DSSs are not always user-friendly
s and lack visualisations, DSSs are not necessarily relevant when they do not meet end users’
Need for Cumparisons needs or decision-making styles, outputs often miss uncertainty representations, and end
Comparing countries is relevant . . . users often distrust DSSs with opaque underlying algorithms. In other words, developers
‘( mp a]’!] 5 countries _]5 relevan Copyright by the authors,  Of DSSs for agrifood face important design challenges such as increasing usability, guarding
Comparing products is relevant . . . . b Licensee MDPI, Basel, Switzerland,  Usefulness for end users, and raising appropriate trust in underlying decision models.
Cmnparing predicfiun models is relevant . L] This article is an open access article Tackling these challenges requires human-centred approaches, which lie at the core
distributed under the terms and  Of tman—computer interaction (HCI), an interdisciplinary field that connects computer sci-
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Understanding the algorithmic level
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Participants preferred data-centric explanations that provide local
explanations with a global overview over other methods. (IUl 2023)
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Combinations to Support What-If Explorations

Gender : Male Waist Measure : 112 4 Physical Activity Level : Low
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ABSTRACT
Explainable artificial intelligence is increasingly used in machine
learning (ML) based decision-making systems in healthcare. How.

methods in guiding healtheare experts for patient care. Morcover, it
is unclear how useful, understandable, actionable and trustworthy
these methods are for healtheare experts, as they often require
technical ML knowledge. This paper presents
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board that predicts the risk of diabetes onset and explains those
predictions with data-centric, feature-importance, and cxample-
based explanations. We designed .

healtheare experts, such as nurses and physicians, in monitoring
the risk of diab .
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1 INTRODUCTION

Machine Learning (ML) based systems have been increasingly

and a mixed-methods study with 45 healtheare experts and 51 di-

abetic patients to compare the different explanation methods in

our dashbaard in terms of understandability, usefulness, actionabil-

ity, and trust. Results indicate that our participants preferred our
of ol

v pla-
nations with a global overview over other methods. Therefore, this
paper highlights the importance of visually directive data-centric
explanation method for assisting healtheare experts to gain action-
able insights from patient health records. Fusthermore,

our design implications for tailoring the visual of

adopted in the past few decades, in applications
ranging from surgical robots to automated medical diagnostics
[41]. Especially for screening and monitaring of discases such as
type-2 disbetes, ML models have proven to be significant [15, 53)
However, most of these algorithms are “black-boxes™ because the
reasoning, behind their predictions is unclear [9]. Morcaver, the
growing concern of bias, lack of fairness, and inaccurate model
prediction have limited the adoption of ML more recently [36].
Cansequently, explainable artificial intelligence (XAT) has gained
a ot of focus from ML, practitioners as XAl methods facilitate the
i r

different explanation methods for healtheare experts.

CCS CONCEPTS

« Human-centered computing — Human computer interac-
tion (HCI); Visualization; Interaction design; - Computing
methodologies — Machine learning.

lex algorithims, thereby
increasing the transparency and trust of such black-bax models
133,37, 1], In healthcare, XAI empowers medical experts to make
data-driven decisions using ML, resulting in a higher quality of
medical services [54] and can impact its trust and reliance [8, 56].
Existing XAl methods (5, 24, 34, 44] are predominantly designed
for ML practitioners instesd of non-expert users [6], who might be
specialized in a particular application domain but lack ML know}

edge [25). Yet, e expls

d. ¥ ol
e not been fully analyzed due 1o the lack of user studies with non
Lusers [48, 56], Thi analyzing
on thefes puge. methods with

perrmimions rom permmimicasacn o,
74 March 2731, 223, Sydnee ASW, Asairis
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v
(HCPs) such as nurses and physicians [17] as it is unclear how
useful, understandable, actionable, and trustworthy these methods
are for them.

Moreaver, non-expert users need help to understand how to
obtain a favorable outcome [16, 49, 51], This cmphasizes the need
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Adolescents have different transparency needs; explanations may
not be the most important to build initial trust. (Ul 2022)

Goed gewerkt!

Maak een aangeraden oefening
van hetzelfde hoofdstuk whv?

Waarom deze oefening? Wiski denkt dat jouw huidig

niveau past bij dat van deze oefening!
Aangeraden
Wiskl verwacht dat je 1 of 2 pogingen nodig gaat
hebben om o=fening 32 juist te maken, gebaseerd op de

roesultaten van jou on je medeleeringen,

Pocrening 32 Justification

Aantal pogingen medeleerlingan nodig hadden am

oefening 32 juist op te lossen

. N Comparison
with others

learlingan

1 2 3 =4 pogingen
nodig

Maak oefening 32

of kies zelf je volgende oefening

Naar het oefeningenoverzicht

Explaining Recommendations in E-Learning:
Effects on Adolescents’ Trust
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ABSTRACT 1 INTRODUCTION
In the scope of explainable artificial i 1 ion tech- People are in gly relying on re: der systems that sug-

niques are heavily studied to increase trust in recommender systems,
However, studies on explaining recommendations typically target
adults in e-commerce or media contexts; e-learning has received less
research attention. To address these limits, we investigated how ex-
planations affect adolescents trust in an e-learning platform
that recommends mdlhcmallt\ exercises with collaborative filter-

gest relevant items, for example movies and music, tailored to their
needs and interests. However, people are often left in the dark

when it comes to why hing has been r ded. In the
scope of explainable artiﬁciul intelligence (XAI), many researchers
agree that lations with explanations is

oRei desirable bécitss it ean, For example, increase appropriate
trust in the recommender [4, 53, 66], which in turn can increase

people’s willing 1o adopt gies and their s (7).

ing.Ina domi it with 37 adol, we
compared real explanations with plmebu and no :xphnalmns Our
results show that real explanati ly increased initial
trust when trust was measured as a mullldnnensmlml construct of
L e, integrity. i ion to return, and per-

cened transparenu Yet, this result did not hold when trust was
ionally. Furth not all adolesc at-

tached equal importance to explanations and trust scores were high
overall. These findings underline the need to tailor explanations
and suggest that dynamically learned factors may be more impor-
tant than explanations for building initial trust. To conclude, we
thus reflect upon the need for explanations and recommendations
in e-learning in low-stakes and high-stakes situations.

CCS CONCEPTS
« Hi d ing — Human P interac-
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Therefore, XAl and trust have become prominent research topics
in human-computer interaction.

However, the degree to which results of previous research on
explaining recommender systems can be generalized is limited
because of three reasons. First, studies are mostly framed in appli-
cation contexts like media recommending [e.g., 8, 27, 51, 67] and
e-commerce recommending [e.g., 7, 60, 61]. Other contexts such
as education are explored less [6]. Second, most study participants
are university students or adults, resulting in scarce results for ado-
lescents (ages 11-19 [25]). Third, on a methodological level, most
XAI research measures the effect of explanations by comparing
recommender systems with and without explanations. However,
this comparison could be unfair as recent studies suggest that the
mere presence of placebo expl i
any meaningful content) can already increase someone’s trust in
an intelligent system [22).

To address these limil we 1 how expl.
affect adolescents’ trust in an e-learning platform that recommends
mathematics exercises, and added placebo explanations as an extra
baseline. In particular, we had two research questions:

s without

RQ1. Can explanations increase adolescents’ initial trust in an
e-learning platform that recommends exercises?
RQ2. How do placebo explanations influence adolescents’ ini-
tial trust in such an e-learning platform?
Our research contribution is threefold. First, we show that ex-
plaining recommendations can significantly increase initial trust
in an e-learning platform if trust is measured multidimensionally.

However, when ing trust the increase

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full itation
on the first page, Copyrights for components of this work owned by others than ACM
must be honored. Abstracting with credit is permitted. To copy otherwise, or republish.
to post on servers or to redistribute ta lists. requires prior specific permission and for a
fee. Request permissions from permissions@acm.org.
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is not significant, which suggests that mainly dynamically learned
factors grow initial trust. Second, by comparing our explanation
interface with a placebo baseline, we reveal that adolescents have
different needs for transparency, so tailoring explanations is essen-
tial. Third, we present unique data on how adolescents trust and
interact with our e-learning platform, which we share publicly in
the spirit of open science'. In sum, we hope our work inspires other
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Control mechanisms do not necessarily increase trust; showing
the impact of control is essential. (Ul 2023)

How is your new level determined?

Wiski estimates your level and the difficulty of exercises. Both change when solving exercises.

Your level remained similar after solving the exercise series.
Then, it increased even further because of your feedback.
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Steering Recommendations and Visualising Its Impact: Effects on
Adolescents’ Trust in E-Learning Platforms

Jeroen Ooge Leen Dereu Katrien Verbert
KU Leuven KU Leuven KU Leuven
Department of Computer Science Department of Computer Science Department of Computer Science

Leuven, Belgium
jeroen.coge@kuleuven.be

ABSTRACT

Researchers have widely acknowledged the potential of control
mechanisms with which end-users of recommender systems can
better tailor recommendations. However, few e-learning environ-
ments so far incorporate such mechanisms, for example for steering
recommended exercises. In addition, studies with adolescents in
this context are rare. To address these limitations, we designed
a control mechanism and a visualisation of the control’s impact
through an iterative design process with adolescents and teachers.
Then, we investigated how these functionalities affect adolescents’
trust in an e-learning platform that recommends maths exercises.
A randomised controlled experiment with 76 middle school and
high school adolescents showed that visualising the impact of ex-
ercised control significantly increases trust. Furthermore, having
control over their mastery level seemed to inspire adolescents to
reasonably challenge themselves and reflect upon the underlying
recommendation algorithm. Finally, a significant increase in per-
ceived transparency suggested that visualising steering actions can
indirectly explain why recommendations are suitable, which opens
interesting research tracks for the broader field of explainable AL
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1 INTRODUCTION

Recommender systems have long been actively studied to help re-
duce information overload in contexts where people are searching
for relevant content. To better anticipate people’s changing pref-

erences and needs, hers have ly ackr g
the importance of control mechanisms with which people can ac-
tively steer recommendations [43]. Studies have shown that being
able to control recommendations can increase satisfaction with,
perceived understanding of, and trust in a recommender system,
which can in turn inerease acceptance of recommendations [51]. At
the same time, too much control can overwhelm people and incur
high cognitive loads [7, 9].

However, most research on controlling recommender systems
is limited because of two reasons. First, studied target audiences
typically consist of adults, whereas in practice younger audiences
such as adolescents (ages 12-19 [25]) are just as much, if not more,
exposed to recommendation algorithms. Second, recommender sys-
tems are most often studied within contexts such as multimedia,
e-commerce, and other services, and it is unclear whether findings
therein always transfer to other application domains. In a high-
stakes domain such as education, for example, it is erucial to prop-
erly understand the effects of control mechanisms, especially now
that e-learning platforms are increasingly recommending learning
content to personalise learning. Thus, it is important to design
control mechanisms fit for an educational context; reflect on how
much control students, teachers, and other parties should get; and
find suitable ways to communicate the impact of steering.

To address these limitations, we conducted a study on how ado-
lescents trust an e-learning platform when they can steer recom-
mended exercises and see their control's effects. Our research ques-
tions were as follows:

RQ1. How does the ability to control recommended exercises
affect students’ trust in an e-learning platform?

RQ2. How is students’ trust in an e-learning platform affected
when they see a visual representation of their impact when
controlling recommended exercises?

Our research contribution is threefold. First, we present a con-
trol mechanism and a visualisation of its impact, which have been
found useful and usable by adolescents in a user-centred design
process. Second, we di d that a control hanism does not
necessarily change trust, neither when measured directly, nor when
measured as a construct of competence, benevolence, integrity, in-
tention to return, and perceived transparency. We also found, how-
ever, that a control mechanism can stimulate adolescents to reflect
more upon their mastery level and the underlying recommendation
system. Third, we show that visualising the control’s impact can
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