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Abstract

Artificial intelligence (Al) has demonstrated its considerable influence on every as-
pect of human life. However, algorithms are getting rather complex, and there are
more black-box models as tasks that Al deals with increase and become more com-
plex. Therefore, the eXplainable Al (XAl) attempts to solve this problem by making
the algorithm understandable and trustworthy for human beings. Although numer-
ous explanation methods are provided, most answer the Why question (why does
the algorithm generate such decisions) from the technical experts’ view. In contrast,
the leading target group of explanations for Al is non-technical end users. As the
calling for human-centered XAl gets stronger, researchers have proposed a set of
requirements and design guidelines for human-centered XAl. However, these re-
quirements merely stay at an abstract level and have not gone into a detailed design
context. Only limited research provides clear guidance on how to implement and ful-
fil those instructions, nor does much research present the actual practice in design
work. Moreover, the evaluation research for the current human-centered XAl still
needs to be enriched. This thesis work cooperates with the company EatMyRide
(EMR) which assists cycling enthusiasts in customizing and evaluating their nutri-
tion plans. This research aims to make the working principles and algorithm of the
application more understandable and trustworthy so that users will stick to this appli-
cation. The main contribution of this work is that it will compensate for the deficiency
of authentic practice and evaluation of human-centered XAl in an actual design con-
text. There will be research on the current EMR application and interviews for its
potential users to acquire more profound insights, especially regarding the aim of
this thesis. Based on previous findings, the practice of human-centered XAl will
be presented as new user interfaces in low-fidelity and high-fidelity prototypes, and
user testing will be conducted to evaluate the effect of the design work. The design
practice and evaluation based on the findings from the literature review and pre-
vious research are the main contributions to the current human-centered XAl field
because it implements the XAl guidelines and evaluates the real effects of the actual
practice. After that, the paper delivers discussions and conclusions regarding the re-
search questions, the limitation of this thesis work, and insights and suggestions for
future explorations.
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Chapter 1

Introduction

1.1 Motivation

Artificial intelligence (Al) gradually shows its importance in numerous aspects of hu-
man society [1]-[8]. The need for explaining the machine learning (ML) models and
algorithms has grown dramatically in past decades because people are reluctant to
accept the result if there is a lack of transparency, interpretation and trust in those
models [9]-{11]. Therefore, the concept and aim of eXplainable Al (XAl) have been
proposed by numerous scientists, and the research on XAl has increased rapidly
in past decades [12]-]17]. Many XAl methods such as local interpretable model-
agnostic explanations (LIME) [18] and Shapley additive explanation (SHAP) [19] are
trying to solve the Why question ( why does the algorithm/system generate such
decision) in an algorithmic and expert perspective by providing the importance and
influence level of each feature input, which is not friendly and easy for non-technical
lay users [10], [20], [21]. Therefore, the calling for human-centered XAl has devel-
oped fast in recent years [22]-[24]. Many principles, regulations and design guide-
lines are proposed to fill the gap and formulate the outline. However, these require-
ments merely stay at an abstract level and have not dived deep into the fundamental
design context. For example, there is only limited research that provides detailed
guidance on how to implement and fulfilled human-centered XAl requirements, nor
does much research present the actual practice or evaluation of human-centered
XAl in design work [14], [25]-[28]. It can be concluded that current human-centered
XAl research still lacks actual case practice and evaluation. Therefore, the motiva-
tion of this thesis research falls into the scope of implementing the human-centered
XAl instructions into a real design case with corresponding evaluation methods to
measure its effectiveness and trustworthiness.

1



2 CHAPTER 1. INTRODUCTION

1.2 Goals of the Assignment

This thesis research aims to fill the gap between theory and practice, practically
implementing the human-centered XAl guidelines into a tangible design context. It
attempts to fulfill the requirements of human-centered XAl proposed in past studies
to improve the overall user experience (UX), trust and understanding of a product.
Besides, the research will evaluate the performance of human-centered XAl after
finishing the design work. This thesis cooperates with the company EatMyRide
(EMR) which assists cycling enthusiasts in personalizing and evaluating their nutri-
tion plans. The requirement from the company is to design the user interface (Ul)
for the EMR application based on XAl principles so that users can understand the
reason behind recommendations from the system. The logic is that by implementing
XAl approaches, users will be more inclined to provide valuable and precise data to
the EMR application, which will benefit both the company and users. On one side,
cyclists will get more personalized and suitable recommendations to improve their
cycling performance and health condition. Conversely, the company will get more
detailed and valuable data to improve the algorithms and UX.

1.3 Research Question

How do we implement human-centered XAl methods in a practical design case to
match users’ needs, and improve their understanding and trust in the algorithm?

1. How to figure out users’ perception of the current EMR application?

2. How to enhance or correct users’ current understanding of the EMR applica-
tion?

3. How to evaluate the results and effects after implementing the human-centered
XAI?

1.4 Report Organization

The thesis report consists of six chapters and three appendixes. Chapter[2provides
a detailed description and analysis of the XAl with a conclusion of methods that will
be used in the later research. Chapter [3| analyzes the current state of the EMR
application, which includes research on the EMR application, and the expert, user,
and target mental model analysis. This chapter also answers Research Question
1. Chapter 4| and [5 include the low-fidelity and high-fidelity prototype design and
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evaluation, which answers Research Question 2 and 3. Chapter [4] focuses more
on the human-centered XAl design, whereas chapter [5| addresses the evaluation.
Both chapters include the design and evaluation results and analysis. Chapter []
presents the overall answers to research questions and the analysis of the limitation
of this thesis research. Lastly, Chapter |/| concludes the work and provides some
suggestions for future research in this direction.
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Chapter 2

Literature Review

This chapter presents a literature review on current XAl and its evaluation meth-
ods, which includes 1) the definition of explanation 2) the reason why explanation is
needed 3) the reason why current Al applications lack explanation 4) the aims and
principles of XAl 5) different XAl methods and the way to approach them. Besides,
the literature review also includes an elaboration of human-centered XAl precisely.
It contains the definition and methods to achieve human-centered XAl, followed by
evaluation approaches and practical design guidelines. Finally, a conclusion will
summarize design guidelines and evaluation methods that will be practiced in later
research.

2.1 Background

Al has demonstrated its increasing importance in different fields such as health-
care [1], [2], finance [3], military [4], [5], legal [6], transportation [7], [8] by solving
complex problems, which makes it indispensable for human society [29]. However,
the sophistication of Al algorithms prevents users from figuring out their inside work-
ing mechanism, which causes security and trust problems in highly concerning ar-
eas mentioned above. As humans are reluctant to accept techniques that are not
transparent, interpretable and trustworthy [10], the requirement of ethical Al is in
growing demand and the concept of XAl is proposed to solve this problem [9]. How-
ever, only a few prototypes have implemented this theory during the past decades,
while there are numerous proposals for making Al more transparent [30], [31]. The
reason why current products lack the interest to put explanations into effect could be
argued as follows [14]:

- It is hard to implement abstract-level XAl guidelines into variant and complex
real-world scenarios
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- Some XAl requirements are contradicted by real-world situations. For exam-
ple, it is hard for mobile applications to merge many explanations within a
limited space

- There is a lack of guidance about how to integrate explanations to already-
existing Uls

- Many companies tend to use opaque algorithms such as deep learning

2.2 Explainability

There are various definitions of explainability and descriptions of what makes a good
explanation from both algorithm and social aspects. Miller [32] summarizes that ex-
planation is capable of enabling users to simplify and narrow down their observa-
tions and facilitating users to build a general model for future repetitive use. Abdul
et al. [13] define explainability as transparency, interpretability, trust, fairness and
accountability. However, the terms interpretability and explainability of Al are of-
ten misused in different literature [33]. Interpretability is more passive, meaning the
Al Model is understandable for humans. In contrast, explainability is more active,
denoting behaviors or actions executed by the model to explain to users what is
happening. Moreover, Gilpin et al. [34] argue that explainability is broader than in-
terpretability. They prompt that interpretability is the ability that systems can gain
users’ trust and provide users with the causes of some actions, whereas explain-
ability gives users space to interact, for example, by answering specific questions
and providing underlying reasons. It is not hard to find that an XAl system not only
includes explainability, but also covers interpretability simultaneously, meaning that
both active interactions and passive explanations exist in a single system.

To a more social-science and theoretical level, Miller [32] takes explanation as
an answer to a WHY question, which fits the theory put up by Halpern and Pearl [35]
that a good explanation should provide 1) users new knowledge 2) the possible
reason of a specific result. Beyond this, Miller [32] also concludes that good ex-
planations should 1) be contrastive (why doing X instead of Y) 2) have preferences
(explanations should be selected because not all principles should be explained)
3) lean to socialization. Taking the second feature preference further, explanations
that are too complex are improbable to be accepted by users, according to the re-
search by Herlocker et al. [15]. Like Schaffer et al. [36] who conclude that numerous
detailed explanations negatively influence users’ confidence, patience and overall
experience because users already have a certain level of trust for Al. The same
opinion put up by Doshi-Velez and Kim [37] that explanation is only needed when



2.3. GOALS AND REQUIREMENTS OF XAl 7

there is a mismatch between users’ perception and results from the system, or the
explanation lies in a new field and has a profound impact.

2.3 Goals and Requirements of XAl

The XAl need some clear goals in order to have basic principles of dos and don’ts.
According to Dosilovi et al. [11], since there is a trade-off between the performance
and transparency of Al models, which means decreasing the complexity will gener-
ally lower the accuracy of the Al, the XAl is prompted to leverage the current situation
with two aims that are 1) improving the explainability of Al models while preserving
their accuracy, and 2) making sure humans (especially non-technical users) under-
stand how the model works and trust the results provided by algorithms.

From an abstract and algorithmic point of view, Samek et al. [38] point out that
XAl should let people quickly figure out underlying working principles of the algo-
rithm by extracting essential knowledge from Al under regulations from laws. It
stresses that only necessary knowledge should be explained in an easy-to-understand
way for users to learn the working principles of the system.

Other than goals and principles on the Al expert level, prior work simultaneously
pays attention to the XAl from a social aspect. Work of Wachter et al. [39] describes
the primary aims of XAl that are 1) "to inform and help the subject understand why
a particular decision was reached” 2) "to provide grounds to contest adverse de-
cisions” 3) "to understand what could be changed to receive a desired result in
the future, based on the current decision-making model.” Meanwhile, FAT(Fair, Ac-
countable, and Transparent algorithms) academics also focus on the lay users of Al
products. It gives the explainability in ML that "is to ensure that algorithmic deci-
sions, as well as any data driving those decisions, can be explained to end-users
and other stakeholders in non-technical terms.” Same as the aim of the XAl given
by D. Gunning is that "XAl will create a suite of machine learning techniques that
enables human users to understand, appropriately trust, and effectively manage the
emerging generation of artificially intelligent partners” [40]. The insightful point is
that the XAl should be able to correct non-technical users bias and inform them how
to get a better result in the future practice.

However, although some work notices the importance of XAl at the society level,
current existing works still primarily focus on explanations generated by an algorithm
to technical-background staff instead of applying a user-friendly approach that ad-
dresses usability, interpretability and understandability for lay users. Most of whom
could have a less or non-technical background in the actual operational context, nor
do they provide the proof and evaluation for fitting the real-world user tasks [10],
[20], [21]. There is a growing demand to include more human factors in current XAl
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research, which means separating lay users from Al researchers and domain ex-
perts [22]-[24]. It can be seen that a lack of research exists in developing, applying,
and evaluating designs for the XAl domain at the same time [16], [41], [42].

2.4 Taxonomy

Based on different attributes of ML models, researchers conclude various XAl meth-
ods based on three algorithmic taxonomies [26]:

- The model itself is interpretable or not (which indicates black-box or white-box
model)

- Interpretation based on the global or local scope

- Model-specific or model-agnostic

For the first taxonomy, if the model itself is interpretable, it has high transparency,
such as Decision Trees, K-Nearest Neighbor, Rule-based Inference, Bayesian Mod-
els, and Linear Regression. Users themselves can easily understand these models,
and post-hoc methods like explanation by simplification, explanation by feature rel-
evance, and visual explanation can also be applied to explain in more detail. For
the black-box model, the model itself is opaque and too complex to understand,
such as Support Vector Machine, Convolutional Neural Network, Ensemble Method,
Recurrent Neural Network, and only post-hoc methods can be used.

For the second taxonomy, global interpretability indicates the whole logic and
reason of the model, which can be implemented with different results. Local inter-
pretability facilitates understanding some outcomes generated locally, and it cannot
be applied to explain other possible results acquired from different places. Global
model interpretation via recursive partitioning called (GIRP) was proposed by Yang
et al. [43], and Nguyen et al. [44] proposed an approach based on activation max-
imization. For local interpretability, the well-known one named local interpretable
model-agnostic explanations (LIME) as a surrogate model is proposed by Ribeiro
et al. [18]. Another counterfactual approach is made by T. Miller [32], which is an
example-based explanation method.

The last taxonomy focuses on whether the XAl method could be implemented on
different ML models or only on the specific one. For the model-agnostic method, ex-
planation by simplification approach like rule-based learner mishra2017local can be
applied as well as Shapley additive explanation (SHAP), which is a game-theoretic
approach that uses Shapley value to measure the importance of different features
of the data [19].
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Another algorithmic taxonomy mentioned by Zhu et al. [10] categorizes different
algorithms into two dimensions: reactive or deliberative (See Fig. [2.1). They claim
that the XAl in the reactive process is to inject explainable notes which are created
by the deliberative process, and it provides post-hoc analysis at the same time. The
XAl in the deliberative process is to make the model easier for humans to control.
"It is a reduction, reorganization, or reframing of the complex into something under-
standable that maintains the transparency and introspection of the model.” Overall,
this taxonomy is relatively straightforward and can be taken as a detailed explanation
of the taxonomy "The model itself is interpretable or not (which indicates black-box
or white-box model).” Compared to the work done by Zhu et al., a detailed graph
(See Fig. prompted by Wang et al. [45] indicates not only different kinds of
human and XAl reasoning but also the links and connections between them, which
provides a more logical and clear picture of how XAl works.

Min-Max
Tramed Classifier <=—— (lassifier Trainer
Deep Learning DNN Trainer Reasoner
Policy Performer
y Planner
Neural Network < NN Trainer
Reainforcement
Reflex Leamed Policy “——— Reinforcement Learning
Performer |
«.( | )..F
Reactive (Fast) Deliberative (Slow)
<lsec Z1sec

Figure 2.1: Mapping Deliberative AI/ML Techniques to Reactive Processes
Reproduced with permission [10] ©[2018] IEEE.

Apart from the taxonomy mentioned above, Miller's research [32] stresses the
human factor and socialization in the XAl. The research work proposes three factors
for explanations that 1) people usually ask why B does not happen instead of why
A happens 2) explanations should focus on two or three causes instead of all the
possible factors 3) there should be a balance between explanations generated by al-
gorithms and users’ mental perceptions. Miller’s finding emphasizes the importance
of the post-hoc explanation methods in XAl, which can be a reference for further
human-centered XAl analysis and design practice.

Another researcher Lipton [17] also demonstrates that “To the extent that we
might consider humans to be interpretable, it is post-hoc interpretability that applies.”
However, there should be a balance between explainability and cost effort. Bunt et
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Understanding People

How People should Reason and Explain

+ Explanation goals
filter causes | generalize and learn | predict and control

transparency | improve decisions | debug model | moderate trust

i

Explaining Al

| How XAl Generates Explanations

Bayesian probability
prior | conditional | posterior

*  Similarity modeling

* Inquiry and reasoning

clustering | classification | dimensionality reduction | rule bogndaries

induction | analogy | deduction
abduction | hypothetico-deductive model

* Intelligibility queries
inputs | outputs | certainty | why | why not | what if | how to
4 t

I
+ ~Causal explanation and causal attribution

* XAl elements

contrastive | counterfactual | attribution

+ ~Rational choice decisions

probability | risk | expected utility

How People actually Reason [(with Errors) I

+ Dual process model
system 1 thinking (fast, heuristic) | system 2 thinking (slow, rational)

* System 1 Heuristic Biases
representativeness | availability | anchoring | confirmation

* System 2 Weaknesses
lack of knowledge | misattributed trust

attribution | name | value | clause

* Data structures
lists | rules | trees | graphs | objects

* | Visualizations
ternado plot | saliency heatmap | partial depe;udence plot

How XAI Support Reasoning (and Mitigate Errors) I

* Mitigate representative bias

similar prototype | input attributions | contrastive
« Mitigate availability bias

prior probability
« Mitigate anchoring bias

input attributions | contrastive

Mitigate confirmation bias
prior probability | input attributions

* Moderate trust
transparency | posterior certainty | scrutable contrasts

Figure 2.2: Conceptual Framework for Reasoned Explanations
Red arrows for how theories of human reasoning inform XAl features, and grey for
inter-relations between different reasoning processes and associations between
XAl features. Reproduced with permission ©[2019] ACM.
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al. [46] found that “While some users were interested in accessing more information,
the dominant responses were that the applications were sufficiently transparent, or
that the cost of viewing an explanation would outweigh the benefit,” which doubts
the necessity of applying XAl method to explain the low-cost or unimportant result.
Work done by Kulesza et al. [47] also draws attention to the proper usage of XAl,
“‘when soundness was very low, user experienced more mental demand and lost
trust in the explanations, thereby reducing the likelihood that users will pay atten-
tion to such explanations at all.” It can be concluded that the XAl for non-technical
users should be highly concise and compact with only two or three critical factors
explained. Otherwise, users will lose interest and trust in the explanations and the
whole system, which is exactly the opposite aim of XAl.

2.5 Human-Centered XAl

The last section presents different XAl taxonomies and detailed methods to achieve
explainability in Al. Since numerous XAl techniques focus on an algorithmic intuition
rather than a user-centered view, the calling for human-centered XAl gets stronger
[32]. This section will present content about the requirements and goals of human-
centered XAl with approaches to implement it and evaluate the results in the real
design context.

2.5.1 Definition and Goal

As mentioned before, most XAl work neglects users’ perspectives and needs [48]—
[51]. For example, methods like SHAP lists all different features used in the predic-
tion and their corresponding importance and contribution levels [52]. However, it is
worth questioning whether merely listing features with different values can satisfy
the users’ needs, which is to answer questions such as why it does this and why
does X instead of Y.

In order to close the gap and bring more social and psychological elements to
current XAl, it is necessary to bring human-centered approach and cross-field meth-
ods to XAl domain [45]. Although there are many open-source XAl toolkits online,
it is difficult to bring them to real-world practice, which means to bridge the users’
needs and theoretical guidance, and this mission often falls to the UX designers [25].
The work by Liao et al. [25] attempts to fill the gap according to Miller’s definition of
explanation, therefore, they propose an XAl question bank (See Fig. specifically
for lay users, which is valuable to build users’ mental models and for future user re-
search use. Similarly, Hoffman et al. [23] also draws a table (See Fig. that links
users’ questions and learning aims together.
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* What kind of data does the system learn from? * Why/how is this instance given this prediction?
* What is the source of the data? Why * What feature(s) of this instance leads to the system’s prediction?
* How were the labels/ground-truth produced? * Why are [instance A and B] given the same prediction?
Input ¢ * What is the sample size? * Why/how is this instance NOT predicted...?
¢ * What data is the system NOT using? ® Why is this instance predicted P instead of Q7
® * What are the limitations/biases of the data? Why not ® Why are [instance A and B] given different predictions?
* * How much data [like this] is the system trained on?
* What kind of output does the system give? . “"ha( would the system pn.d'c.l. ll'ltlu:s instance chlans:cs to...?
* What does the system output mean? * What would l.]h.' system predict if this feature of the instance
® How can I best utilize the output of the system ? What If changes to...? o . .
Output o * What is Sl e ; at * What would the system predict for [a different instance]?
hat is the scope of the system’s capability? Can it do...?
* * How is the output used for other system component(s) ? * How should this instance change to get a different prediction?
* How should this feature change for this instance to get a different
* How accurate/precise/reliable are the predictions? How to be that prediction?
*® How ofien does the system make mistakes? * What kind of instance gets a different prediction?
® In what situations is the system likely to be correct/incorrect? S = . i
Performance ® * What are the 1inutu|mu: of the \_\'\l:::u!" How tt:i:tlll be | © ;:,:;:l:::f scope of change permitted to still get the same
* * What kind UI‘I'III\ILIkt'N is the system likely Vlu make? © What i the [highestlowest/... | feature(s) one can have to still
® ¥ [s the system’s performance good enough for. . gt
get the same prediction?

* How does the system make predictions? * What is the necessary feature(s) present or absent to guarantee
® What features does the system consider” this prediction?

® * Is [feature X] used or not used for the predictions? * What kind of instance gets this prediction?
* What is the system's overall logic?

How (global) ® How does it weigh different features? * * How/what/why will the system change/adapt/improve/drift

® What rules does it use? over time? (change)

® How does [feature X] impact its predictions? Others * How to improve the system? (change)

® * What are the top rules/features it uses? * Why using or not using this feature/rule/data? (follow-up)

-
.

* What kind of algorithm is used? ® * What does [ML terminology] mean? (terminological)
.

® * How are the parameters set? * What are the results of other people using the system? (social)

Figure 2.3: XAl Question Bank
With leading questions in bold, and new questions identified from the interviews
with * Reproduced with permission ©[2020] ACM.

TRIGGERS USER/LEARNER’S GOAL
How do I use it? Achieve the primary ask goals
How does it work? Feeling of satisfaction at having achieved an

understanding of the system, in general (global
understanding)

What did it just do? Feeling of satisfaction at having achieved a
understanding of how the system made a particular
decision (local understanding)

What does it achieve? Understanding of the system's functions and uses

What will it do next? Feeling of trust based on the observability and
predictability of the system

How much effort will this take? Feeling of effectiveness and achievement of the
primary task goals

What do I do if it gets it wrong? Desire to avoid mistakes

How do I avoid the failure modes? Desire to mitigate errors

What would it have done if X were | Resolution of curiosity at having achieved an
different? understanding of the system

Why didn’t it do z? Resolution of curiosity at having achieved an
understanding of the local decision

Figure 2.4: Triggers and Users’ Goal
Reproduced with permission ©[2018] [Shane Mueller].
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However, these questions lack the illustration of the relation between lay users’
and experts’ mental models as the algorithms are developed by experts and follow
the experts’ cognition. A mental model can be regarded as one’s understanding of
the Al system the XAl context [23]. Question-driven framework steps from users’
motivation for explanation and is used to develop the expert system [53], [54], there
should be some analysis for expert mental model to sufficiently understand and
close the gap between them. Therefore, human-computer interaction (HCI) endeav-
ors more efforts in the XAl field to build a complete loop by building the models
of all roles involved in different design stages [48], [95]. The work of Eiband et
al. [14] maps five different stages with corresponding roles, questions, aims and ap-
proaches, which builds models for both experts and lay users to find a consensus:

- What to Explain: Expert Mental Model What happens to the best of our
knowledge? What can be explained? What does an expert mental model of
the system look like?

- What to Explain: User Mental Model How do users currently make sense of
the system? What is the user mental model of the system based on its current
UI? How does it differ from the expert mental model?

- What to Explain: Synthesis — Target Mental Model Which key components
of the algorithm do users want to be made transparent in the Ul? To what
extent are users actually interested in the rationale behind the algorithm?

- How to Explain: lterative Prototyping How can the target mental model be
reached through Ul design? How and where can transparency be integrated
into the Ul of the system?

- How to Explain: Design Evaluation How has the user mental model been
developed? Has the target mental model been reached?

Moreover, Hoffman et al. build a more comprehensive model, including the whole
reaction loop with users and XAl (See Fig. [2.5), which is valuable for analyzing the
requirements and evaluation methods of XAl stepping from users’ perspective. They
claim that a good explanation should satisfy users needs so that it helps users build a
good mental model and gain users trust in the Al by assisting users in understanding
and operating the system. At a macro level, Tintarev [56] put up human-centered
XAl goals should not only focus on the users’ model but the overall picture, which are
transparency, scrutability, trustworthiness, persuasiveness, effectiveness, efficiency
and satisfaction. The following sections will elaborate on how to achieve human-
centered XAl in a more precise and detailed manner.
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Figure 2.5: A conceptual model of the process of explaining in the XAl context
Reproduced with permission [23] ©[2018] [Shane Mueller].

2.5.2 Requirement and Method

According to Nguyen et al. [44], the XAl requirements denote that the Al system
should provide at least one of these functions 1) the understanding of its working
mechanism 2) the visual explanation of its discrimination rules 3) or the possible
causes that could disturb the model. Meanwhile, the work of Liao et al. [25] proposes
more logical and specific requirements of what human-centered XAl should be able
to achieve:

- Let users learn new knowledge of the system. Pay attention to separate things
users already know and build new stuff on it

- Enhance users confidence or help users make hypothesizes of causes about
following decisions of Al, also correct or mitigate users’ own bias

- Involve more users’ interaction and convince users to invest more in the Al
system, such as letting users provide more information and feedback because
"explanations as an integral part of a feedback loop to improve Al performance”

- Mimic how people explain things based on Miller’s theory 1) explanation only
focus on one or two reasons instead of all possible causes 2) explanation
should be in a social and conversational manner

- Follow a progressive way, which means XAl should explain step by step in a
question-driven approach
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- Understand users’ goals and implement XAl in a context-aware background

- "Help users understand the limitations of the Al, and make it actionable as to
answer Is the performance good enough for....”

Other researchers’ work has proved the above requirements and methods. Ac-
cording to suggestions from Herlocker et al. [15], users are not willing to accept
over-complex explanations, which is also proven by Schaffer et al. [36] that compre-
hensive explanations of a recommendation system have side effects on users’ trust
and overall experience towards the Al.

For context-dependent scenarios, Bellotti and Edwards proposed that context-
aware systems should be able to inform users about "what they know, how they know
it, and what they are doing with that information” [57]. Explainability scenarios focus
on what users need to understand instead of directly inserting explanations into the
system centered on users’ goals. According to Wolf’s opinion [16], "Instead of asking
what might an Al system be capable of explaining (a technology-first or solution-first
orientation), a scenario perspective asks: what types of explanation might users
need in the course of using Al systems?” Carroll [58] also proposes similar outlines
that users themselves, their background, their goals, and the sequences of their
actions are four elements of the design scenarios. Therefore, it can be concluded
that XAl technologies should be implemented with specific user goals and aims in
mind in order to fulfill their needs instead of merely explaining algorithms and data
in detail.

As mentioned before, there is an issue in figuring out what type of explanations
users might need. Tullio et al. [59] divide explanations into high-level and low-level
explanations. High-level means explaining how information is related to each other,
which is a more abstract and underlying principle approach, whereas low-level ex-
planation is only about the input information and its calculation. High-level explana-
tions can be taken as an abstraction of the low-level ones. For example, instead of
explaining how algorithms do the exact calculation numerically, human-centered XAl
should inform users of the underlying relationship of different factors and features,
which can be regarded as the reason and logic of the system. Work of Borgman and
Samek [38], [60] also proves that high-level explanations are much easier to modify
users’ mental models and previous beliefs, which is also verified by Liao et al. [25]
that "the design challenge is to identify the appropriate level of details to explain the
model globally.”
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2.5.3 Evaluation

An important issue that needs to be addressed is the evaluation of XAl, which is
used to answer whether an explanation is proper and good enough among other
explanations. Evaluating the XAl is of critical importance because it can not only
pick up an optimized solution but also improves the personalization of the XAl such
as interactive explanation because the effectiveness of an explanation is partly de-
termined by its recipients and questions asked [13], [61]-[63]. Moreover, the same
explanation may have different effects on different users or even on the same user
in a different understanding process [23], [37]. The need for evaluating the XAl is in
growing demand, however, the work on evaluating the XAl methods is considerably
lower [26].

According to J.S van der Waa et al. [27], the overall user evaluation of XAl ef-
fectiveness should address three aspects 1) system understanding 2) persuasive
power 3) task performance. Their work recommends the evaluation process should
pay attention to the following three items:

- Constructs and relations: the aim and definition of the task should be clear, for
example, the final aim of the work. After figuring out the motivation, the goal of
the evaluation can be clear at the same time.

- Use case and experimental context: the selected use case can have a signif-
icant influence on the conclusion and evaluation, and that is the reason why
quantitative data like age, education, and habits matter. Meanwhile, the envi-
ronment can also influence the evaluation quality. Although online interviews
can provide a large amount of information in a relatively short time, the results
may not be that clear and insightful.

- Measurements: self-reported measures and behavior measure both matter.
Self-reported measures are indicated as more subjective (e.g., users’ per-
ceived understanding of the whole XAl process). In contrast, behavior mea-
sures take a more objective view, which means observing the users’ real be-
haviors and performances to learn their level of understanding.

The last item is given special notice because there may be a difference between
users’ perceived and real understanding. People sometimes overestimate how well
they understand complex causal systems. This situation can be corrected by asking
users to explain their understanding of how the system works [64]—[6/]. Therefore,
inquiring about users’ thoughts and feelings is highly recommended. Hoffman et
al. also mentioned this concept: "It is important that the method provide some sort
of structure or "scaffolding” that supports the user in explaining their thoughts and



2.5. HUMAN-CENTERED XAl 17

reasoning. One method is Cued Retrospection. Probe questions are presented to
participants about their reasoning after the reasoning task has been performed” [23].
For instance, questions like Can you describe your understanding of the...Can you
describe the components or process of... should be asked to collect information.
This method works well with counterfactual reasoning, which means it can be used
as a probe to evaluate whether the contrastive explanations are satisfying [68]. Be-
sides, another method Diagramming is also used to measure users’ real mental
model. It effectively conveys their understanding to researchers, which helps ana-
lyze corresponding information in a workflow [69].

As the explanation process model shown in Figure [2.5] there are also other el-
ements that matter in the process of evaluating the XAl, which are 1) Explanation
goodness and satisfaction 2) Measuring mental model 3) Measuring curiosity and
trust [23]. This multi-measurement method is also proven to be effective in Miller’s
research [32].

For the second item Measuring mental model, Hoffman et al. propose a hy-
pothesis that measuring the performance of XAl is simultaneously measuring the
soundness and goodness of the user mental model. Points from their work are sim-
ilar to the suggestions from J.S van der Waa et al. mentioned before, which is to
use Probe questions to let users describe the whole working process or some com-
ponents and functions of the system instead of merely presenting subjective results
from questionnaires evaluation or answers from questions like How will you rate your
understanding level of... from users themselves. Meanwhile, work from Hoffman et
al. also lists some casual links between users’ mental model and performance. The
following two sections will only explain the item one and three.

Users’ performance will improve after they receive good explanations from the
system

Users’ performance is an externalization of their inner mental model

Users’ performance could be affected by their level of epistemic trust, in other
words, the cognitive or deep level of trust.

Users’ performance will become more reasonable after they receive and un-
derstand the explanations properly

Explanation Goodness and Satisfaction

Based on the table of Triggers and goals (See Fig. [2.4), Hoffman et al. [23] pro-
pose a scale that is used to measure the goodness of the XAl (See Appendix C.1).
This goodness checklist is especially for Al experts to evaluate the goodness of the
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explanations of the system, therefore, its references are different properties of XAl.
For explanation satisfaction (See Appendix C.2), Hoffman et al. conclude several
attributes to measure satisfaction: understandability, feeling of satisfaction, the suf-
ficiency of detail, completeness, usefulness, accuracy, and trustworthiness. These
attributes are determined after the review of other researchers’ work. They develop
a Likert scale after literature reviewing fields like cognitive psychology and philoso-
phy of science. Attributes in that scale are designed to measure elements that can
make a good explanation. The main difference between the Explanation Goodness
Checklist and Explanation Satisfaction Scale is that the Goodness Checklist is for
experts to measure the XAl from different aspects, while the Satisfaction Scale is for
users to evaluate whether the explanation is good and satisfying enough.

Measuring Curiosity and Trust

Measuring curiosity is an essential factor because users’ behavior of seeking ex-
planations is motivated by their curiosity, while good explanations can also improve
people’s curiosity, which is proven by lots of cognitive and psychology research.
When users realize a gap between their understanding and the system, they will ac-
tively seek help from explanations to close it. However, improper explanations could
suppress people’s curiosity in the following forms:

Explanations that have too many details are overwhelming for people

XAl system makes it difficult for users to ask questions

Explanations that have too many uncontrollable or open variables

Explanations make users feel uneasy because they are complicated or have
too much deep knowledge that needs considerable effort to understand

Another indicator, trust measurement, is of critical importance in computer sci-
ence and cognitive science fields [70], [7/1]. Researchers have found that the trust
will automatically drop rapidly under time pressure, when systems have suspicious
flaws, or when there are frequent alert alarms. It is rather challenging to rebuild
users’ trust once it has crashed down [72], [73]. In an ideal situation, users’ trust
will gradually grow up as time passes [74]. After reviewing numerous trust measure-
ment scales, Miller et al. have made the Explanation Trust Scale (See Appendix
C.3), which is built on some modifications to Cahour-Fourzy Scale and some ques-
tions merged from other scales. This scale explores whether users trust the system
by measuring the predictability, reliability, efficiency and dependability directly, and it
can also be used for individual testing.
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2.5.4 Design Guidelines

Currently, there is a lack of design guidelines in the XAl field, and many instructions
only stay at the theoretical level rather than dive deeper into real design practice
[25]. According to Moore et al. [75], there are four elements a sound XAl system
should equip with 1) naturalness (explain step by step in a conversational way) 2)
responsiveness (users can put up questions in this system) 3) flexibility (variant
explanation methods) 4) properness (explanations should consider users previous
knowledge and interactions).

Research from Lipton and Gunning [17], [40] also shows that explanations in
natural language with "analytic (didactic) statements that describe the elements
and context that support a choice” has a noticeable impact on improving users’
understanding of a system. Their work also claims that methods like counterfac-
tual reasoning and explanation by example are more preferred than pure data or
algorithm analysis explanations. This statement is also proven by Miller [12] that
a user-friendly explanation should be contrastive and socialization (e.g., answering
why A not B question).

The form of human-centered XAl should also be post-hoc and text or visual-
based. According to the finding from Herlocker et al. [15], users care about the type
of explanations such as text, graph, and video much more than the type of data and
algorithm of a system. The work of Kouki et al. [76] has also proven this. They
find that among other XAl methods, texts and images have a better performance.
They also conclude that textual explanation is valuable and effective in step-by-step
explanation and visualization performs better when the graphs are simple. However,
they also mention that there is no preference between these two methods, which
should be decided based on a specific context.

Besides the design form, there are some requirements relating to the contents.
Systems could provide some support using example-based explanations, for in-
stance, information about how other people make a choice when Al generates some
recommendations. Another guideline related to content is that users seek high-level
information rather than detailed explanations on how exactly the algorithm work,
which is much more valuable for them to build an overview of certain system [59].
This statement is proven to be true in the research from Liao et al. [25] that partici-
pants prefer high-level post-hoc explanations to algorithmic methods like SHAP and
LIME, and the former approach has indeed shown to be more effective. Similar sug-
gestions from Bellotti et al. [57] that users need proper abstraction when informing
them about the underlying calculations.

Another suggestion given by Liao’s research is that the XAl should not only pro-
vide descriptive information on the outcomes of the algorithm, but also inform users
about what they can do with the result, and how it relates to their goals. Their work
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promotes the result from the algorithm to a higher level, which is how to maximize
its utilization. Meanwhile, they also highly stress that when designing XAl systems
and providing explanations, it is essential to discriminate between the knowledge
that already exists in users’ minds and new information that users do not know and
needs to be explained [25].

2.5.5 Conclusion

The human-centered XAl should be implemented in a context-aware system [25],
[57]. Researchers should figure out the user profile information such as users’ back-
ground, goals, needs and action sequence, and take the users’ aim as a navigator
in design [16], [58]. Besides, XAl should be able to correct non-technical users’ bias
and inform them how to get a better result in the future practice [39]. It should also
let users understand the working principles and discrimination rules of the algorithm,
and possible causes of disturbing the model [44]. Good explanations can enhance
the soundness of the users’ mental model, and users’ trust, satisfaction and curios-
ity of the product. It can also improve the users’ performance as the soundness and
goodness of the user mental model is improved [23], [27].

Gaps between the user mental model and expert mental model can be filled by
building a target mental model [14]. The target mental model not only concerns
about the knowledge gap, but also the users’ goals and interest. For the content of
the explanations, it should only include necessary knowledge for users in an easy-
to-understand way [38]. The explanations should answer the Why questions (why
it does this), or provide the content in a counterfactual way (why does X instead
of Y) [32]. Moreover, explanations should provide knowledge and information that
users have not acquired before, and inform users what they can do with the result,
and how it relates to their goals [25].

The number of the causes in a single explanation should be limited to 2 or 3 [12].
Otherwise, numerous detailed explanations could negatively influence users’ con-
fidence, patience and overall experience [15], [36]. Moreover, there should be
a balance between explainability and cost effort [46]. Post-hoc human-centered
XAl methods such as textual and visual explanations have satisfying effect for non-
technical users [15], [76]. The explanations should be interactively presented step-
by-step using natural language with didactic statements [17], [25], [40], [/5]. Be-
sides, compared to explanations of how algorithm calculates, users prefer high-level
explanations of the model’'s underlying principles, which is effective in re-building the
user mental model [25], [38], [59].

The XAl evaluation is of critical importance because the effectiveness of an ex-
planation is partly determined by its recipients and questions asked. Moreover, the
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same explanation may have different effects on different users or even on the same
user in a different understanding process [25], [37]. The effectiveness of the XAl can
be evaluated by measuring the users’ performance (simultaneously measuring the
user mental model) and users’ trust, satisfaction, and curiosity of the system [23],
[27]. For building and measuring the user mental model, methods like Think-Aloud
Task with Concurrent Question Answering, Cued Retrospection, and Diagramming
allow researchers to know users’ actual extent of command of the model [23], [27],
[69]. During this process, probe questions like Can you describe your understanding
of the...Can you describe the components or process of... are useful in collecting
users real understanding of the system, and these questions performs well in eval-
uating the counterfactual reasoning [68]. For quantitative method, the Explanation
Satisfaction Scale and Explanation Trust Scale are recommended by Hoffman et
al. [23], which has satisfying effect in measuring the users’ satisfaction and curiosity
separately.
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Chapter 3

Analysis of EMR

This section focuses on the research of the EMR application and its potential users.
It aims to build a target mental model based on the gaps that need to be filled
between expert and user mental models following the process proposed by Eiband
et al. [14]. This chapter will also answer the Research Question 1 (RQ 1) and part
of the RQ 2. Firstly, the expert mental model is built based on the analysis of the
EMR application and interview results from one company’s data specialist. Then,
the user profile and mental model are set after the user research. The comparison
between the expert and the user mental model will be presented. Finally, a target
mental model is built on the user research, and requirements and guidelines for
the XAl design. One thing needed to stress is that all mental models include two
parts, which are 1) the overall working process and 2) perceptions of four function
segments.

3.1 EMR Application Study

The EMR application is designed for cycling enthusiasts to assist them in customiz-
ing their daily nutrition plans based on their cycling schedule. The overall workflow
is presented in Fig. 3.1 which shows how the EMR algorithm processes the data
and generates the nutrition plan.

The user interface (Ul) pages of the EMR application can be divided into four
categories Registration, Cycling and Nutrition Plan, Biological Explanation, and Re-
sult Renew and Comparison according to their different functions (See Fig. Fig.
B.3] Fig. [3.4] and Fig. B.5).

The application has three modules Plans, Learn, and Profile. It first fetches
users’ basic information such as height, weight, and gender in the registration step.
Then it will let users input their cycling data by selecting a course profile or importing
routes they have cycled before from other cycling applications such as Strava and

23
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Figure 3.1: Workflow of EMR application
The figure explains how the EMR algorithm processes users’ data and generates
the final nutrition plan. The green section indicates users input, the blue section
shows the algorithm behaviour, and the red section displays the data storage.
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Komoot.

Selecting from a course profile requires users to choose the road type, distance,
total elevation, and duration. Then, the application requires users to choose the ride
type from recovery, endurance, interval training, and race. Besides, it will also ask
for users’ intensity which can also be taken as heart rate or average power.

After completing the basic personal profile and cycling data, the EMR application
will require users to fill in their liquid and nutrition intake, such as what kind of drink
and food they plan to have and its amount. Based on all these data, the algorithm
will generate a personalized food plan, which contains the detailed recommendation
of 1) how much and when to eat and drink 2) an evaluation of the food plan, such as
its quality and amount 3) the glycogen usage of the body.

After filling out the current nutrition plan, the system will automatically pop up
other food plans such as breakfast, lunch, dinner, and snacks for users to fill up. On
the main page, the application also displays graphs about the number of carbohy-
drates, proteins, and fats that users should take, and some rough explanations of
the calculation of the total energy intake.

The algorithm of the EMR application is decision tree regression, which builds
models in the structure of a tree and generates the continuous output. The model is
transparent and has the highest rank of interpretability compared to other algorithms.
[26], [77]. However, it is worth noticing that the transparency is only for Al experts
rather than target users, as the algorithm is not presented or explained in the EMR
application Uls.

Diving deep to the algorithmic perspective, features chosen to build the base-
line dataset are: ['weight’, ’age’, ’length’, "totaltimemove’, total time stop’, 'total dis-
tance (km)’, ’average speed (km/h)’, ’uphill/downhill hys=0 (m)’, 'uphillOend’, ’av-
erage temperature’, ‘'m/v’, ’elevationPerDistanceRelation’, ’avgHeartRatePerUser’,
'speedHeartRateRelation’, 'timeRelation’]. The EMR model is first trained with the
baseline dataset and again with the data excluding the last four features. It turns
out that the last four features used to enrich the dataset highly improve the algo-
rithm’s performance. Moreover, features 'age’, ’totaltimemove’, and 'timeRelation’
show a P-value less than 0.05, meaning these three features influence the model
significantly.

3.2 Expert Mental Model

As previously mentioned, a mental model can be regarded as one’s understanding
of the Al system in the XAl context [23]. The expert mental model of the EMR overall
working process has been presented in the EMR Application Study section (See Fig.
[3.1). This section will focus on the expert mental model divided into four categories:
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Figure 3.2: Uls for Registration
Uls belong to Registration category. Notice (f) is from user Profile module, and it is
not presented when users fill in personal data at the registration step.
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Figure 3.3: Uls for Cycling and Nutrition Plan
Uls belong to Cycling and Nutrition Plan category. Food plans in (f) pop up after
users finish the cycling nutrition plan.
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Figure 3.4: Uls for Biological Explanation
Uls belong to Biological Explanation category. These Uls are mainly responsible for
the explanation work.



3.2. EXPERT MENTAL MODEL 29

Your ride

¥

Burned energy

You burned 4.3% less than planned

860 kcal burned

899 ical planned

Energy distribution

You burned less carbohydrates than planned.
0, o,
63% ‘ 37%
136g 359

Figure 3.5: Ul for Result Renew and Comparison
The Ul belongs to Renew and Comparison category.

Registration, Cycling and Nutrition Plan, Biological Explanation, and Result Renew
and Comparison. According to Eiband et al., the expert mental model should be
able to answer questions like What happens to the best of our knowledge? What
can be explained? What does an expert mental model of the system look like?

- Participant One data analyst from the EMR company

- Method and Measure Online semi-structured interview using ZOOM. Notes
are taken down during the interview.

- Procedure Display the process of using the EMR application from registration
until the end. Questions such as What does this step stand for? Why do we
need this step? What do you want to inform users? Does this have a significant
influence on the algorithm and outcome? What is the relation between... ? are
promoted for the expert to answer.

For Registration, information such as weight, height, gender, and age are used
in predicting the metabolism, which influences later energy calculation, whereas
country and measurement do not. The Activity Level also affects the algorithm in
predicting the daily energy consumption.

For Cycling and Nutrition Plan, Select a route provides more data, such as
weather and detailed road information to the model, leading to better predictions
than Select a course profile. Predicting the heart rate (HR) is the essential function
of the EMR algorithm because the predicted HR data will be used multiple times in



30 CHAPTER 3. ANALYSIS OF EMR

calculating energy consumption and intake influenced by HR and carbo burns. The
real HR data will update the predicted HR data after the actual cycling.

For Biological Explanation, the expert explains the fundamental reason for the
differences in energy prediction from the biological aspect. Low-level intensity train-
ing, like endurance training, belongs to aerobic exercise, therefore, both carbo and
fats are used. High-intensity training is anaerobic exercise, and most riding energy
comes from the carbo. This primary principle determines the basic logic of the al-
gorithm. Consequently, the calculation formulas of the model are different, and the
prediction results are various. The same level of underlying reason also applies in
other situations. For instance, if users plan to have a race day, the algorithm will as-
sume that their bodies are almost full of carbo, and the energy needed mainly comes
from their body storage instead of the food they have on race day. Therefore, the
algorithm recommends that cyclists take much energy on the pre-race day. For the
glycogen level graph, the data analyst indicates that it is used to determine whether
the body has enough energy to repair the muscle. Users’ muscles will be impaired
if the line turns red.

One thing that needs to be stressed is that the information and reasons men-
tioned in the Biological Explanation are not displayed in the Uls (See Fig. [3.4] for
reference), while the expert expressed in the interview that the knowledge is impor-
tant for both the application and users’ cycling performance.

There is only one Ul in the Result Renew and Comparison category. The algo-
rithm will re-calculate cyclists’ energy consumption using their real HR data during
cycling instead of the predicted HR. The previous and renewed results will be pre-
sented in one graph for comparison. The algorithm makes progress and becomes
accurate by closing the disparity between its predicted HR value and users’ real HR
data. However, this information, recognized as the essential reason the algorithm
keeps improving, is not presented in the UL.

3.3 User Profile and Mental Model

This section presents the user profile and user mental model. According to the re-
search [25], [57], [98], human-centered XAl should be implemented in the real-world
design context, and it is essential to figure out the user profile, which includes users
themselves, their background, goals, and the sequences of actions. The user re-
search contains two parts, which build the user profile and mental model separately.
The user mental model includes users’ understanding of the overall working process
of the EMR application and its four different functional modules. The consent form
and information brochure for participants can be found in Appendix A.1.
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3.3.1 User Profile

After interviewing each participant, the user profile is built by organizing and inte-
grating the representative answers.

- Participant Eight participants. Two are professional cyclists from The Union
Cycliste Internationale (UCI). One is from the cycling club of the University
of Twente. Another one is a cycling enthusiast in the Netherlands. The rest
four are enthusiasts from a Chinese cycling club. All participants are fluent in
reading English and have used English applications.

- Method and Measure Online semi-structured interview using ZOOM. Notes
are taken down during the interview. Table [3.1] presents some questions for
building the user profile.

Do you check and record your cycling data, why, and how?
Do you pay attention or make food plans for cycling? If yes, how?
e.g. calculate the calories or make cycling meal

Have you ever used some nutrition plans application? Are you still

using them? Why?
To what extent will you follow the suggestions from the

application? Why?

How much do you think the application’s nutrition plan helps you or

makes a difference for cycling?
Will you adjust your diet (nutrition plans), especially for cycling? If
yes, to what extent will you change them?

Table 3.1: Some questions asked in the semi-structured interview
Answers to these questions are used to build the user profile.

A user profile description of potential EMR application users is presented. The
aim of cycling is to challenge themselves and prove their ability. All participants
mentioned that cycling gives them a sense of control and achievement in real life. It
also benefits their physical and mental well-being because of the sense of belonging
from cycling clubs and friendships with other cycling enthusiasts.

Participants are interested in the nutrition plan and expressed that they believe
scientific food plans positively affect cycling performance. However, the majority (six
of eight) believe that the help from the food plan is limited, and dieting does not have
much impact and improvement on cycling. Therefore, they consider nutrition plans
less important in cycling.
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Seven participants clearly expressed that they believe in their body’s feelings
much more than the prediction of the Al model. The reason is that there are nu-
merous items that the algorithm cannot detect or predict precisely. For instance, it
is hard to describe the condition and feelings of their body to the application, and
information like that is complicated to standardize to a quantified data format to be
used in the model. The situation varies everytime, therefore, the algorithm cannot
provide a precise prediction. Moreover, except for two professional cyclists, partici-
pants value freedom more than being constrained by the food plan. They would like
to take the plans from nutrition applications as a reference or suggestion instead of
guidance they need to follow accurately.

Half participants used some similar nutrition applications before. However, they
all gave up after weeks or months. The reasons mentioned by participants are 1)
they have built a model in their mind after a period of learning from an application,
meaning that they can roughly do the calculation and evaluation the same as algo-
rithms 2) they quickly feel bored and lose patience after many times filling up the
same kind of data (e.g., what and when do they eat) 3) the application does not
provide anything new, and the core function can be done by users themselves after
repetitive using.

When asked about their knowledge of nutrition from a biological aspect, except
for one professional cyclist and two cycling enthusiasts who read nutrition books
and papers, others do not know much about the underlying principles, such as
how our body consumes energy from adenosine triphosphate (ATP), and the reason
why types nutrition types needed varies with different cycling types. Those two cy-
cling enthusiasts mentioned that getting help from reading scientific content is much
more helpful than a nutrition application because the application’s fundamentals also
come from biological knowledge, except the calculation from algorithms is more ac-
curate than personal estimation. However, participants considered this difference
does not significantly influence their cycling performance.

3.3.2 User Mental model

This section aims to build a user mental model of the overall working process and
four function categories of the EMR application. Think-Aloud Task with Concur-
rent Question Answering is widely used in building user mental models according to
research from Hoffman et al. [23]. Their research also indicates that Cued Retro-
spection is an effective method to evaluate users’ real understanding instead of their
perceptive understanding of a system. Probe questions such as Could you describe
the process of... What is this data used for? Why does the system... should be put
up to make sure the user mental model is authentic and objective [23], [27]. More-
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over, Diagramming is also used in visualizing and analyzing the mental model of a
system’s workflow [69]. Finally, there will be a conclusion summarizing the critical
features and issues in the user mental model.

Method

Think-Aloud Task with Concurrent Question Answering, Cued Retrospection, and
Diagramming. Only notes are taken down, no audio or video recording during the
online interview.

Procedure

Participants were required to experience the usage of the EMR application from the
registration step. The task was performed with the Think-Aloud Task with Concurrent
Question Answering method. The Triggers and Users’ Goal table (See Fig. is
provided as a reference in case users have no idea what to describe or evaluate.
Some questions related to participants’ feelings and performance were prompted to
participants (e.g., Why do you think it is... Why do you take this step?). After that,
the Cued Retrospection method was applied to acquire users’ real understanding
of the application. The information collected from Think-Aloud Task with Concurrent
Question Answering and Cued Retrospection will be used to build the user mental
model, where the workflow graph is made using Diagramming.

Result

The user mental model includes users’ perceived overall workflow and functions.
The application workflow is concluded using Diagramming (See Fig. [3.6).

{ Age, gender, weight, height }—

Heart rate
(default value)

Some Road information —>
information

R will be
renewed after Fluid intake
cycling (default value)

Calculate how
much and
what nutrition
I need

There will be
a comparison
of consumed
energy

graph

Carbo intake
(default value)

Food and
drinks | choose

Figure 3.6: User mental model of the EMR workflow
The green color represents users and yellow is for the application. Square and
diamond mean input and output separately.

Evaluate my
nutrition plan
and generate
glycogen usage
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For Registration, all participants noticed that the data explanations are repeti-
tive. They understand that features Age, Gender, Height, Weight are used in the
prediction model. However, participants also mentioned that the text does not pro-
vide helpful information about how and where their data will be used (See Fig. [3.2).
Participants gradually lost interest in continuing reading it. They agreed that expla-
nations in the registration part are knowledge they already know.

For Cycling and Nutrition Plan, participants had a rough understanding that road
types, and fluid and food intake influence the energy consumption prediction. Com-
mon issues reported are 1) repetitive text and explanations 2) no new knowledge 3)
the model workflow is logically confused. Moreover, two participants thought that the
prediction results from Select a course profile and Select a route are approximately
accurate. Others thought that Select a course profile provides more accurate results
only because of detailed road information (See Fig. [3.3|[a]). Participants understood
that selecting different ride types (See Fig. [3.3|[b]) influences energy consumption.
However, they were unsure to what extent this choice would make a difference in
the model.

When seeing the explanation Default intensity is based on our prediction of your
heart rate (See Fig. [b]), all participants mentioned that this application had
not informed them of how it predicts their HR data. Therefore, they estimated that
the HR prediction is based on their personal profile or riding types. Six participants
questioned the accuracy of the intensity data because 1) the application uses pre-
dicted HR instead of real HR that can be measured by cycling equipment 2) the real
HR data dynamically changes with time, whereas the predicted HR is probably not.

Besides, half of the participants indicated that the explanation of Fluid intake
(See Fig. [d]) has a counter effect on their understanding and trustworthiness
of the algorithm. The reason is that the application does not ask for their sweat rate
data, whereas the prediction is based on this data. Moreover, there is no clear sign
of whether the system can get weather information. Participants mentioned that the
course profile does not require any weather data input.

Out of the UX consideration, all participants reported confusion as there is no
preset information when they were required to fill out the nutrition item, which led
them to wonder whether they needed to manually input all the detailed information
for each item, such as calories, fats, and proteins. Another point is that the applica-
tion will automatically pop up four to five different food plans without notification after
users finish the cycling nutrition plan. Most participants expressed frustration and
loss of confidence when they needed to input their every meal plan into the EMR
application.

In conclusion, the user mental about this category is unclear and logically con-
fused. From the expert mental model analysis, it can be found that important infor-
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mation is left out or misunderstood. Participants are not clear about the underlying
workflow of the model, nor do they know how and where their data is used. Some
explanations are redundant and provided without concerning the real-world context.
Users do not understand the purpose of some explanations, and they consider those
explanations not helpful or useful for their cycling. From the user experience (UX)
aspect, all participants firstly doubted whether they needed to manually add the
drinks and nutrition information until they kept inputting products’ information before
actually seeing them (See Fig. [c]). Besides, new food plans suddenly appear
without any notification after completing the cycling nutrition plan (See Fig. [e]),
which lowers the participants’ interest and patience with this application significantly.

Participants described their primary understanding for the Biological Explanation
pages: nutrition needs vary with riding types, and the algorithm will evaluate and rate
their nutrition plans. However, the same opinions were put forward that users cannot
figure out the purpose of some explanations. For example, explanations in Figure
[3.4] [e] only provide a text version of the graph, which basically does not provide
any new information, nor explain the graph’s meaning. Participants are not sure
what this graph tries to explain and inform. Moreover, the majority of participants
mentioned that pages containing detailed numbers and calculations look the same,
except some numbers and text are changed (See Fig. [b][c]). Over half of
the participants indicated that they will not pay attention to the explanations in the
Macronutrient distribution after figuring out that the content does not change as long
as the riding type is the same, even if the detailed cycling data is different.

When asked about the fundamental principle of the model (biological aspect),
except for participants who have read nutrition articles and books before, others
cannot tell the underlying reason, which indicates that there is a lack of a high-level
explanation of this model. For example, when participants were asked about what
the Glycogen Usage graph means, they had no clear answers but mainly specula-
tions such as The red color mains great amount of energy consumption, nor do they
understand what it means to their cycling performance.

For Result Renew and Comparison (See Fig. [3.5), participants reported that they
got the idea that the model will compare the actual and planned energy consump-
tion. However, they were confused about what data the model uses to update the
prediction and how the algorithm performs this task. Because there is no prediction
result of the total energy consumption presented in the application before actual rid-
ing. Similarly, because no graph or text shows the trend of real and planned energy
consumption, participants cannot tell whether the algorithm is progressing and to
what extent the accuracy is improved.
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3.3.3 Conclusion

In conclusion, the user mental model of the working process is ambiguous, and
participants are not clearly informed of the algorithm’s use of their data. Participants
who have not previously read nutrition books are unaware of the meaning of some
textual and graphic explanations and how their actions will influence the body and
cycling performance, especially from the biological aspect. All participants reported
a large amount of repetitive textual information in the explanations, and the majority
of explanations do not provide any new knowledge of the model.

Moreover, some explanations reduce users’ interest and trust in the algorithm
because of numerous or improper causes provided in a single explanation, which
also lowers the UX. There is a lack of logical process and context-aware design
in the explanations for the algorithm, which prevents users from believing the algo-
rithm’s progress and knowing the information addressed by the expert. For example,
using predicted or real HR data is the essential reason for the difference between
predicted and real energy consumption, and the accuracy of HR prediction decides
the algorithm’s accuracy to an enormous extent. Besides, the primary principle of
the model is the different calculation methods for aerobic and anaerobic exercise,
which belong to high-level explanations.

3.4 Target Mental Model

Figure [3.7] compares the expert mental model and user mental model from five as-
pects Registration, Cycling and Nutrition Plan, Biological Explanation, Result Renew
and Comparison, and Algorithm and Data. Compared to purely algorithmic expla-
nations, users are interested in high-level explanations that relate to the system’s
working principle instead of focusing on the algorithm, for example, how algorithms
perform the calculation [25], [59]. Therefore, the target mental model should leave
out the information in the last item Algorithm and Data. Besides, the repetitive in-
formation and knowledge that users already know should be discarded according to
the research of Liao et al. [25]. The overall XAl design should imply users’ goals and
needs in a context-aware system [16], [25], [57].

For the Registration, the information from the expert mental model should be
kept because it informs users how their data will be used [25]. It first introduces
the predicted HR data, which is the essential component of the algorithm and the
workflow. This aim is settled based on the user profile and mental model analysis.
Previous research also proves that XAl should let users quickly figure out the under-
lying working principles of the algorithm and help users understand how a particular
decision was reached [38], [39].
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For the Cycling and Nutrition Plan, the comparison between Select routes and
Select from a course profile will be presented to users because XAl should correct
users’ bias and facilitates them to get more desirable results in the future practice
[39].

For the Biological Explanation, the knowledge from the expert mental model will
be kept because it relates to users’ performance improvement, which belongs to the
users’ aim. Moreover, high-level explanations such as the primary logic of the model
are helpful in re-building users’ mental model, and it also fits users’ interest [25],
[59].

The information in the Result Renew and Comparison relates to the principle
of how the algorithm makes progress, and it also links with the expert’s aim. The
information on the relation between predicted and real HR data is essential to the
model’s workflow. Therefore, the target mental model should reserve knowledge in
this category.

The overall explanations should be presented step-by-step using the logic of
having a dialogue [25]. The number of causes in each explanation should be limited
to 2 or 3[12]. For the form of the explanations, post-hoc XAl methods such as textual
and visual explanations are suitable for non-technical users [15], [/6]. Besides, The
content of the explanations should be presented in natural language with didactic
statements [17], [40].
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Figure 3.7: Comparison between expert and user mental models
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model




Chapter 4

Low-fidelity Design and Evaluation

This chapter includes the process of improving the Ul and UX of the current EMR
application using human-centered XAl methods. The first section is the low-fidelity
(lo-fi) prototype design, and the second is the human-centered XAl evaluation of the
lo-fi pages for later improvement. Compared to the next chapter[5] this chapter focus
more on the design part.

4.1 Low-fidelity Design

The Uls pages are presented in four categories as the original EMR application,
which are Registration, Cycling and Nutrition Plan, Biological Explanation, and Re-
sult Renew and Comparison. Designs related to human-centered XAl will be pre-
sented and explained in each category. In order to provide a better UX, the lo-fi
pages are designed in a high-fidelity (hi-fi) format, except they are non-interactive
static pictures.

4.1.1 Registration

Compared to the original application, the new design removes all the repetitive ex-
planations and the information users already know. It explains to users that their
profile data, such as height, weight, age, gender and activity level, is used to predict
the metabolism, which includes HR, energy storage, burn and needs. The Activity
Level is moved to the registration step so that all the basic data is integrated, which
enables users to quickly get a clear picture of what and how the algorithm uses their
basic profile data (See Fig. [4.1).

39



40 CHAPTER 4. LOW-FIDELITY DESIGN AND EVALUATION

L} o ‘{‘
Your daily activity\level apart from cycling. This will be
used as a part of the prediction of your métabolism.

Fill'in your profiles

These data will be'used as a part of the prediction of
your metabolism (heart rate, energy storage, burn and
needs, etc).

Sedentary
work type: seated,
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seated, exerelse: 30 minfday

Finish

[a] [b]

Figure 4.1: Lo-fi Pages for Registration
[a] explains how users data will be used in the model. [b] shows the explanation for
Activity Level.
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4.1.2 Cycling and Nutrition Plan

According to Wachter et al. [39], XAl should inform what users can do to improve
the result of the system. Therefore, the counterfactual explanation (Why X not Y)
aims to let users choose From routes instead of From course profile by presenting
the advantages of From routes when users fill up the cycling data. This method is
more acceptable and useful way for users in human-centered XAl aspect [32].

The explanation telling the difference between two choices is Instead of select-
ing a course profile, selecting a route provides more detailed cycling data such as
weather, and you’ll have more accurate predictions of your heart rate, carbo burns
and energy needs. It stresses the weather information and HR prediction that users
neglect or doubt what data the model can get and how the algorithm will use it (See
Fig. 4.2a]).

In the Select drink page, the temperature and personal sweat rate information
is omitted from the previous explanation. The new explanation is Calculated by the
metabolism we predict (See Fig. [4.2]b]). For food selection (See Fig. [4.3[d]), the
explanation stresses the HR data by letting users know that their predicted cycling
HR, road information, and metabolism data influence their carbo intake. Compared
to the original EMR explanation The amount of carbo you need during the activity
largely depends on the intensity and duration of the ride. By default, we predict
the optimal intake rate for you., the new explanation discards the knowledge users
already know and limits the causes under three according to the human-centered
XAl requirements [12], [25].

From UX aspect, From routes and From course profile are integrated to the same
page. Therefore, the comparison is more intuitive, and fewer steps are required
when filling up the cycling data (See Fig. [4.2]a]). Another improvement is the product
list will be displayed directly before typing and searching to provide some information
support for users (See Fig. [4.3]d]).
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Figure 4.2: Lo-fi pages for Cycling and Nutrition Plan
[a] explains the difference between two choice, it also improves the UX. [b] explains
the Fluid intake.
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4.1.3 Biological Explanation

Figure 4.3: Lo-fi pages for Cycling and Nutrition Plan
[c] improves the UX. [d] explains the Carbo intake.

Compared to explanations of algorithm calculation, users are more interested in that
of working principles [25]. High-level explanations are useful in re-building the user
mental model [59]. This section contains the biological explanations of the primary
principle of the application.

Firstly, each of the six different types of cycling: No riding, Recovery training,
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Endurance training, Interval training, Race and Pre-race day are presented with dif-
ferent explanations (See Fig. [4.4|and Fig. [4.5). Recovery training, Endurance train-
ing, Interval training, and Race are divided into two categories: aerobic or anaerobic
exercise based on the intensity. The No riding does not belong to training types,
and it is displayed separately to provide an overview of the Ul (See Fig. 4.4). Main
differences of nutrition consumption and needs are presented in each explanation,
and only the changed contents are presented (See Fig. [4.5[a][b][c][e]).

Besides, Pre-race day is addressed because it does not belong to a cycling type.
However, it has a close link with race day, and the energy and nutrition intake on the
pre-race day highly influences the performance of the race. Therefore, the model’'s
calculation principle works differently from other cycling types (See Fig. [4.5]d]).

Moreover, the explanations of the Glycogen level are re-designed. Previous ex-
planations do not provide helpful knowledge but only contextualize the graph. The
conveyed information is the same except the numbers are changed. The new de-
sign explains how glycogen is calculated and what different glycogen levels mean to
users’ body condition4.6]

4.1.4 Result Renew and Comparison

The new design emphasizes the naturalness and reasonableness of the updated
prediction results. It also highlights the updated data after cycling, such as the real
HR and road information. Fig. [4.7[a] and [b] shows the comparison between before
and after actual riding correspondingly. Part of the cycling information and food plan
are renewed.

Fig. displays the predicted energy consumption before riding and informs
users that the actual burned energy will be uploaded after finishing cycling. The
Progress module also presents the predicted and real energy consumption records
and explains the differences between them. It stresses the change of HR data,
which is the essential reason why and how the algorithm makes progress.

Fig. [4.9 shows the notification to users that they have a new record uploaded
in the application and they can make the recovery meal after cycling. Fig. [4.10]
presents the Ul after users finish riding. The main change is the comparison in the
Burned energy section.

4.1.5 Conclusion

The new design uses post-hoc human-centered XAl methods. Textual and visual
explanations are provided because of their outstanding performance among other
XAl methods for non-technical users [19], [/6]. The overall reading load decreases.
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Plan

Mon Tue Wed Thu Fri Sat Sun
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Energy intake
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Make plan

1 © A

Plan Explore Profile

Figure 4.4: Lo-fi page for Biological Explanation
Explanation for No riding day. It shows an overall view of the main page.
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Mon Tue Wed Thu Fri Sat Sun Mon Tue Wed Thu Fri Sat Sun
19 20 21 22 23 24 25 19 20 21 22 23 24 25
L] L

Energy intake

1680 keal

Carbo: 74 / 551g Fat:12/111g  Protein: 8 /999

2097 keal
1200 keal
3297 kcal

Activity level - Sedentary
Ride - Recovery training
Total energy needs

Recovery training: few carbo and fats to provide energy
more protein to help muscle recovery

[a]

Carbo: 350/ 612g

Mon Tue Wed Thu Fri Sat Sun
Pre-tace 20 21 22 23 24 25
day . .

Energy intake

852 keal

/612g  Fat:10/62g Protein: 58/ 119g

2097 keal

Activity level - Sedentary

Energy intake

665 keal

Carbo: 350/ 612g  Fat 10/ 62g Protein: 58/ 119g

2097 kcal
1442 keal
3539 kcal

Activity level - Sedentary
Ride - Endurance training
Total energy needs

Endurance training: low intensity - aerobic exercise
both carbo and fats are used

[b]

Tue Wed Thu Fri Sat Sun
20 21 22 23 24 25
L]

Energy intake

665 keal

Fat10/62g  Protein: 58/119g

2097 kcal
1200 keal
3297 kcal

Activity level - Sedentary
Ride - Interval training
Total energy needs

Interval training: high intensity - anaerobic exercise
most of riding energy comes from carbo

Mon Tue Wed Thu Fri Sat Sun
Pre-race 20 21 22 23 24 25
day L] L

Energy intake

1680 keal

Carbo:74/551g  Fat:12/111g  Protein: 8/99g

2097 keal

Activity level - Sedentary

Ride - Pre-race day
Total energy needs

1200 keal
3077 kcal

Ride - Race
Total energy needs

1442 keal
3539 kcal

Pre-race day: you need to store more carbo today for race
because 70%energy of your race day is from carbo

[d]

Race: energy is mainly from your body instead of food
we assume you body contains much carbo than usual
check Pre-race day

[e]

Figure 4.5: Lo-fi pages for Biological Explanation
[a][b][c][d][e] show the explanations for Recovery training, Endurance training,

Interval training, P

re-race day, and Race separately.
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Glycogen level ®

ram
g +18g
30
20
10
Base km
20 40 60 80 100
-10

[f Green line means you get enough nutrition from food plan
to keep the clycogen level to fix your muscle after cyeling.

[a]

Glycogen level ®

™

10 Calculated by your metabolism, ‘

cycling plan and food plan

20

TN

10 Qag )

_
Base

10 )

. Red or orange line means you don't get enough nutrition
from food plan. Your muscle has a higher risk being
impaired.

[b]

Figure 4.6: Lo-fi pages for Biological Explanation
[a] explains a good glycogen level while [b] presents the opposite result.
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Plan

Mon Tue Wed Thu Fri Sat Sun

Carbo: 74/ 551g Fat:12/111g  Protein: 8 / 99g

Activity level - Sedentary 2097 keal
Ride - Recovery training 1200 keal
Total energy needs 3297 keal

Recovery training: few carbo and fats to provide energy
more protein to help muscle recovery

De Ultieme Zomertocht 16:30
100km/ 2360kcal/ 4h De Ultieme Zomertocht 16:42

i SR 120km/ 2860kcal/ 4.5h
| High 5 recovery drink = 00:15h | 6km

| High 5 v drink :15h | 6km
Gel banana 01:15h | 31km i

Gel banana :15h | 3Tkm

. Preparation meal 15:00 :
¢ . Preparation meal 15:00
., 284/354 keal

9
. 284/354 keal

. Recovery meal 21:30
»

. Recovery meal 21:30
Plan the recovery meal after riding i

0/219 keal

[a] [b]

Figure 4.7: Lo-fi pages for Result Renew and Comparison
[a] dislays the information before riding. [b] shows what part of the information is
changed after cycling.



4.1. LOW-FIDELITY DESIGN

49

Cycling detail ®

De Ultieme Zomertocht 16:30
100km/ 1360kcal/ 4h

‘ High 5 recovery drink 1 00:15h | 6km

= J 07:15h | 31km

‘ High 5 recovery drink = 02:15h | 56km

4

| 81km
St

et

Editplan ~ Send to ’rmin Edit ride

Carbo: 51 of 60 g/h

Fluid: 1.1 0f 24L
C I Energy level: good
]

Nutrition quality: good

Burned energy (3

Py

The prediction will be automatically
renewed after you finish the riding

1360 «keal Fal 37%-35g

/ Carbo  63%-136g

Glycogen level ®
.

30

Energy burn (keal)
1700
1400
1100 |
800
500
Mon  Tue
—
Prediction

<7

r  Red or orange line means you don't get enough nutrition
from food plan. Your muscle has a higher risk being
impaired.

Prediction is based on your cycling
plan and food plan

J

1 You can check pogress of both your

Progress @ < ..

cling to calculate

n: predict your heart rate to
t ur energy burn and
nutrition needs
your real heart rate data

Wed

Thu

Fr

Figure 4.8: Lo-fi pages for Result Renew and Comparison
This figure contains the explanations for Burned energy and Progress.

Sat

Real

Sun

Day
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(2]
ok .‘ yfa- L] ‘-—ﬂl-*k ;71‘
‘ ¢ You've finished a ride

please check your renewed data and make
EatMyRide  your recovery meal!

Figure 4.9: Lo-fi pages for Result Renew and Comparison
This page is especially designed for notification.
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Cycling detail ®
De Ultieme Zomertocht 16:30
100km/ 1360kcal/ 4h
Glycogen level ®
‘.\ High 5 recovery drink = } 00:15h | 6km gram + ‘IBg
== 30
Gel banana = ‘ 071:15h | 31km 20 A~
——— rd o
Pl ol WOE ity BN e
— ——— e 10 /_."
‘ High 5 recovery drink = 02:15h | 56km —~
J Base —£ km
L2040 60 80 100
10 Dy

Carbo: 51 of 60 g/h

Fluid: 1.1 0f 2.4 L

Energy level: good

Nutrition quality: good

Burned energy (3

1360 keal 1580 keal

Carbo 63% -136g Carbo B7%-142g

37%- 35g/ 33%- QQQ/’

Prediction Real

Green line means you get enough nutrition from food plan
to keep the clycogen level to fix your muscle after eyeling.

Progress
Energy burn (keal)
1700
1
1400 /\_\/ PN 1360 /
Ny

1100 | S

800

500

Day
Mon Tue Wed Thu Fr Sat Sun

Prediction Real

Figure 4.10: Lo-fi pages for Result Renew and Comparison
This figure shows the interface after actual cycling.
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Repetitive information, the knowledge that users already know, and wordy expla-
nations are discarded because over-explanation can cause significant side effects
on users’ overall feeling and attitude toward the algorithm [36], [46], [47]. All expla-
nations are designed in a context-aware precondition and guided by users’ aims,
needs, and benefits instead of simply explaining how the algorithm works [25], [57].

New explanations introduce the workflow step by step according to the require-
ment of human-centered XAl [25], [75]. For example, new explanations firstly inform
users that their profile data will be used to predict their metabolism (including HR),
energy needs, and consumption. Then the carbo intake will be calculated based
on the predicted cycling HR, road information, and metabolism data. The predicted
energy consumption of cycling will be displayed in the Ul first. After finishing the
cycling, the real HR data will be uploaded automatically, and the prediction of en-
ergy consumption will be renewed. There will be a comparison and progress graphs
showing the performance of Al, which is more intuitive. Important information like
the HR data appears several times to show how the system processes the predicted
and real HR data, which is the essential reason why the algorithm keeps making
progress. Therefore, the causal link is clearer and more logical, and the final com-
parisons are more acceptable, understandable, and reasonable for users.

The new design also includes high-level explanations of biological knowledge,
which are the fundamental working principles of the system. According to the previ-
ous research [25], [59], users are interested in high-level explanations of the model’'s
underlying principles instead of pure algorithm calculations, and globally explaining
the system is more effective and useful in re-building the user mental model. Those
biological explanations are presented in natural language with didactic statements
according to the human-centered XAl guidelines [17], [40].

4.2 Low-fidelity Evaluation

The lo-fi evaluation includes two parts: 1) the Explanation Goodness Checklist
(EGC) 2) measuring the user mental model. The EGC (See Appendix C.1) has
been mentioned in the chapter[2] It is for Al experts who have not participated in the
model development process to evaluate the goodness of the XAl [23]. Measuring
the user mental model is for understanding the users’ perception of the application
after implementing human-centered XAl, which uses the same method (Think-Aloud
Task with Concurrent Question Answering, and Cued Retrospection) applied in the
user research of the previous chapter[3] The consent form and information brochure
can be found in Appendix A.2.

- Participant One Al specialist with a doctoral degree for rating the scale. Five
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cycling enthusiasts from previous EMR user research for understanding the
user mental model. According to Eiband et al. [14], it is feasible for researchers
to use either the within-group design (involving the same users as in investi-
gating mental model), or a between-groups design (involving different but com-
parable users). The lo-fi evaluation adopted the first option.

- Method and Measure The EGC is for evaluating the goodness of the XAl. The
checklist is filled up in an electronic format. Think-Aloud Task with Concurrent
Question Answering, and Cued Retrospection methods are used to measure
the user mental model. Only notes are taken down, no audio or video recording
during the online interview.

4.2.1 Explanation Goodness Checklist

The specialist was required to experience the EMR lo-fi prototype, then fill out the
EGC. Opinions from the specialist were collected during and after the process. Fig.
shows the completed EGC. All seven questions were checked as YES. The
specialist mentioned that answers for questions 1 and 5 mainly come from the al-
gorithm’s simplicity. The participant expressed that the model’s workflow is straight-
forward and does not contain complex or abstract results (e.g., results from different
layers of deep learning algorithms). The answers to questions 2, 3, and 4 come from
the biological explanations and the predicted and real HR, which helps users get an
overall picture of the model. Questions 6 and 7 are checked as YES primarily due
to the explanations and display of the prediction results update and comparison.

4.2.2 User Mental Model

The process of measuring the user mental model of the lo-fi prototype is similar to
that of the original EMR application. Evaluators mentioned that they have a relatively
clear and logical perception of how this model works, which is confirmed when using
probe questions to learn their objective understanding of the model.

Participants understood that their profile data is used to predict metabolism, en-
ergy consumption, and needs at the registration step. When filling up the cycling
information and nutrition plan, they knew that selecting routes could provide weather
information which is not predictable in selecting from course profiles. Participants
also learned that their energy intake is decided by their predicted HR, metabolism,
and cycling data. Besides, they mentioned that the new explanations are less con-
fusing than those in the original EMR application because of the deleted sweat rate
and previously explained weather information.
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1. The explanation helps me understand how the [software, algorithm, tool] works.

YES |/

NO

2. The explanation of how the [software, algorithm, tool] works is satisfying.

YES V4

NO

3. The explanation of the [software, algorithm, tool] sufficiently detailed.

YES V4

NO

4 The explanation of how the [software, algorithm, tool] works is sufficiently complete.

YES V4

NO

5. The explanation is actionable. that is, it helps me know how to use the [software, algorithm, tool]

YES V4

NO

6. The explanation lets me know how accurate or reliable the [software, algorithm] is.

YES v/

NO

7.The explanation lets me know how trustworthy the [software, algorithm, tool] is.

YES \/
NO

Figure 4.11: This checklist is filled up by the Al specialist. It is used to measure the
goodness of the XAl.
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For high-level explanations, participants learned the different cycling and exer-
cise types from a biological aspect and understood why the nutrition needs to vary
with different cycling intensities. They knew the relation and nutrition calculation
methods between race and pre-race day. Moreover, participants understood that
the red line of glycogen level means they have not got enough nutrition from the
food plan, therefore, the glycogen in their body is insufficient for repairing the mus-
cle. Whereas the green line means the nutrition plan meets the requirement of the
energy needs for cycling.

Participants understood that the real HR data will be automatically uploaded, and
the energy consumption will be renewed after finishing cycling. The essential reason
why the algorithm makes progress is by closing the gap between the predicted and
real HR data.

For the overall UX, four participants appreciated the design of the help button with
a text box because it enables them to look after the information and explanations
when they need and want to know. Moreover, the Uls look more concise after hiding
the constant textual explanations participants have read and learnt. All participants
expressed that lowering the amount of meals they need to fill up (only preparation
and recovery meals are kept) gives them a sense of control and freedom. Besides,
they all agreed that the experience of selecting drinks and food becomes much more
natural and comfortable.

However, participants also pointed out that there are redundant explanations for
filling up the cycling data, such as the explanation for Ride type (See [4.2]a]). Be-
sides, they hope the comparison between From routes and From course profiles can
be stronger, and there will be more explanations for the From routes choice. For the
Result renew and comparison Uls, participants clearly expressed that the link and
relation between the previous and renewed predictions are not strong enough, and
the explanations should highlight the difference and comparison.

4.2.3 Conclusion

The effectiveness of the explanations is not merely attributed to the human-centered
XAl methods, but also the simplicity, understandability, and interpretability of the
algorithm and the model itself. After applying human-centered XAl, users’ overall
understanding of the application becomes more precise and logical. Participants’
mental model has met the requirements of the target mental model.

Compared to the original user mental model, participants have learnt new knowl-
edge such as the core principle stressed by the EMR expert, which is how the al-
gorithm keeps progressing. They have also understood the overall workflow of the
model from the step-by-step global explanations. High-level explanations such as
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biological knowledge help rebuild the user mental model, and they also assist users
in knowing the underlying reasons why the model makes different predictions based
on different situations. Moreover, designing in a context-aware situation enables
the explanations to comply with users’ aims and needs, which is also helpful in de-
ciding how to construct the textual and visual explanations and which explanations
should be kept or discarded. The explanations for Select ride and Result renew and
comparison should be improved or re-designed.



Chapter 5

High-fidelity Design and Evaluation

This chapter includes 1) the hi-fi design based on the users’ opinions from previous
lo-fi testing 2) the evaluation of the hi-fi prototype. Compared to the previous lo-fi
chapter, this chapter focuses more on evaluating the user mental model, satisfaction,
and trust.

5.1 High-fidelity Design

The drawbacks of the lo-fi pages reported by participants in the evaluation phase
are re-designed in the hi-fi prototype. After the adjustment, the hi-fi is added with
interactive activities for the second time in user testing.

For the Cycling and Nutrition Plan, the comparison between From routes and
From course profiles is stronger and more explanations are provided for the From
routes (See Fig. [5.4). For example, existing routes also include past cycling HR and
road information per segment, improving prediction accuracy.

For the Result Renew and Comparison, the explanations highlight the impor-
tance of renewed data which is the real HR and road information. The Burned en-
ergy module also explains how the model acquires and uses the updated real data.
The explanations in the Progress section become more precise, which is expected
to form a more intuitive and clear comparison between predicted and real results

(See Fig. 6.2).

5.2 High-fidelity Evaluation

XAl enables users to quickly figure out the underlying working principles of the al-
gorithm by extracting essential knowledge from Al, which rebuilds the user mental
model [23], [38]. Research also indicates that besides the mental model, trust, per-
suasiveness, curiosity, and satisfaction should also be considered as critical criteria

57
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Select ride )

Instead of selecting a course profile, selecting a route provides more
detailed eycling data such as weather, so you'll have more accurate
predictions of your current cycling heart rate.

From routes

Past routes from other APPs. They contain road information
per segment and detailed cycling information like your past
cycling heart rate.

STRWVA (55 D

koemoot

From course profiles

N\ A

Flat Hill Mountain
Start time End time
[ 16: 30 | 20: 30 W
Distance (km) Elevation (m)
[ 100 | 400 W

[ Predicted only based on your profile ]
Ride type Heart rate (3

[Endurance training vJ [Heart rate (bpm) 7]

Figure 5.1: Hi-fi page for Cycling and Nutrition Plan
The figure provides more explanations for From routes to enhance the contrast.



Editplan  Sendto ’rmin Edit ride

Carbo: 51 of 60 g/h

I

C T Fluid: 1.1 of 2.4 L
I Energy level: good
I

Nutrition quality: good

Burned energy (3)¢ caiculaiedb

rate and metabolism. The result will

jour predicted heart 1

be renewed after you finish riding
and upload the real-time heart rate
and road information from your
| Garmin or other devices. ]
1 360 keal Fat 37% - 359
/ Carbo  63%-136g

5.2. HIGH-FIDELITY EVALUATION 59
Cycling detail ®
De Ultieme Zomertocht 16:30
100km/ 1360kcal/ 4h
‘ High 5 recovery drink } 00:15h | 6km
' Glycogen level ®
Gel banana = ‘ 01:15h | 31km ™
e o MRS el D g SO S 30 Calculated by your metabolism,
P —_— cycling plan and 1o
‘ High 5 recovery drink = 02:15h | 56km 20 b .
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| 81km
ol A Base
-10
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 Red or orange line means you don't get enough nutrition
from food plan. Your muscle has a higher risk being
impaired.

J You can check pogress of both your
Progress @ < performance and our prediction

accuracy

Eneray burn (keal) Prediction: based on your predicted
heart rate data
1700 Real: based on your real heart rate and

road information

1400
/\-\,—f =

. \"--\.
1100 S ~—
800
500 Day
Mon  Tue Wed Thu Fr Sat Sun
Prediction Real

Figure 5.2: Hi-fi pages for Result Renew and Comparison
The explanations are much clear and precise, which also highlights the comparison
between predicted and real energy consumption.
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in human-centered XAl [11], [23], [56]. Due to the aim of the thesis research that is
highly related to users’ trust, besides the user mental model, the hi-fi evaluation will
measure users’ trust and satisfaction.

Participants were asked to perform the whole process from registration to review-
ing the comparison on the hi-fi prototype. The observation is based on four stages
which corresponding to the four different categories. Think-Aloud Task with Con-
current Question Answering, Cued Retrospection, and Diagramming will be used
in measuring the user mental model and collecting users’ feedback and opinions.
According to the previous research, these methods are useful in measuring the ef-
fectiveness of counterfactual explanations from XAl [68].

Explanation Satisfaction Scale (ESS) and Explanation Trust Scale (ETS) (See
Appendix C.2 and C.3) are for evaluating users’ satisfaction and trust separately [23].
The consent form and information brochure can be found in Appendix A.3.

- Participant The hi-fi evaluation invited the same five cycling enthusiasts from
lo-fi evaluation. The choice named within-group design is reasonable accord-
ing to research from Eiband et al. [14].

- Method and Measure ESS and ETS for measuring users’ satisfaction and
trust. The scales are filled up in an electronic format. Think-Aloud Task
with Concurrent Question Answering, Cued Retrospection, and Diagramming
methods are used to measure the user mental model. Only notes are taken
down, no audio or video recording during the online interview.

- Procedure Participants were required to experience the EMR hi-fi prototype
with Think-Aloud Task with Concurrent Question Answering, and Cued Retro-
spection methods. Then the user mental was visualized by Diagramming. After
that, the ESS and ETS were sent to users for rating. Participants’ opinions and
feedback were collected during and after these two sections.

5.2.1 User Mental Model

The user mental model of the hi-fi design is relatively the same as that of the lo-
fi prototype. Participants mentioned that the explanations for Ride type present a
stronger comparison between From routes and From course profiles, and there is
more information on From routes. For instance, participants understood that se-
lecting From routes can provide more accurate predictions of cycling HR not only
by fetching the weather data but also from the past cycling HR data and road in-
formation per segment. The importance of cycling HR data is also outlined in this

page.
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For the Result renew and comparison, participants claimed that they had a bet-
ter understanding of how the real cycling data such as HR and road information is
uploaded to the model in the Burned energy section, which is absent in the expla-
nations from the lo-fi. Moreover, participants also reported that the comparison in
the Progress module is more concise and comparable.

The user mental model of the hi-fi prototype is made by collecting answers from
probe questions related to the participants’ objective understanding of the hi-fi work-
flow (See Fig. [6.3). Figure (??) presents a comparison between the original and
rebuilt user mental model.

Compared to the original user mental model, the new model complements the in-
formation that the expert stressed as the essential principles of the EMR application
from four categories Registration, Cycling and Nutrition Plan, Biological Explanation,
and Result Renew and Comparison. Users not only understand what performance
can improve the prediction result (e.g., choose the desirable cycling category), which
aligns with Wachter et al. [39], but also figure out the underlying principles of how the
algorithm makes progress, which is closing the gap between the predicted and real
HR data. The logic of the current user mental model is much clearer than the origi-
nal one, which contains numerous speculations and presumptions from participants
themselves (See Fig. [3.6). Besides, participants have also known the difference in
the algorithm makes different calculations and recommendations from a biological
aspect.

From the overall UX side, users expressed that the process of using the hi-fi
prototype is more smooth and more natural, and there are fewer steps required to
finish tasks such as filling up the personal profile, cycling data, and nutrition plan.
Besides, three participants straightforwardly expressed that they are willing to spend
time uploading more data and reading the explanations due to the improvement of
the UX.

5.2.2 Explanation Satisfaction Scale and Explanation Trust Scale

The ESS and ETS were sent to users after measuring the user mental model. The
results of the scales contain mean value and standard deviation (SD) from five par-
ticipants’ ratings (See Fig. [5.5/and Fig. [5.6).

In the ESS, users held relatively different opinions on statements 6, 7, and 8.
For item 6, participants generally expressed that the explanations help get more
accurate predictions for the nutrition plan so that the cycling performance will be
improved, and they can pay more attention to the nutrition for cycling because of the
biological knowledge.

However, two participants also indicated that those explanations do not differ



62 CHAPTER 5. HIGH-FIDELITY DESIGN AND EVALUATION

Metabolism (age,
gender, weight,,
height) and ride plan

Select From routes
because it has
more information
and will make
prediction better

Real heart rate and . "

road information will
be uploaded from
cycling devices

Differences between
aerobic and anaerobic
exercise influence the
nutrition type and
amount

Calculate
nutrition |
need

My nutrition plan

Comparison
of burned
energy and
progress
chart

Evaluate my
nutrition plan
and generate

different graphs

Fluid intake
(default-predict)

Differences in
energy calculation
on race day and
pre-race day

Glycogen level
has influence on
muscle repairing
(keep it green)

Carbo intake
(default-predict)

Figure 5.3: New user mental model after implementing XAl
The figure explains the user mental model of the EMR hi-fi prototype. The green
color represents users and yellow is for the application. Square and diamond mean
input and output separately. The blue color stands for important information that is
newly acquired.

from the knowledge in the nutrition book, which can be learnt after several times.
Because there are only limited types of textual explanations content, and no new
knowledge comes in during the usage of the application, users will build a similar
prediction model in their mind, except the calculation will not be as precise as the
application’s algorithm. Consequently, the application may be given up by users as
the similar applications they previously had used.

One participant also mentioned the explanations for Glycogen level as an ex-
ample. The participant expressed that /t is good to know what the different colors
mean, but | want to know more about what | should do when the line turns red. For
example, how much and what kind of nutrition should | take? Will there be a situation
like the glycogen in my body is too much and what will happen?

For statement 7, participants’ opinions vary in the definition and display method
of accuracy. Participants wondered whether showing the comparison between the
predicted and real HR data and energy consumption can be regarded as a display of
accuracy. Evaluators who hold disagreeing opinions think that the accuracy should
be presented clearly and precisely in a percentage number.

Besides, all evaluators rated a high score (3, 4, or 5) for item 8 because the ex-
planations do not contain information on when users should not trust the algorithm or
when the prediction is inaccurate. However, two participants questioned this state-
ment and why the algorithm should provide predictions or recommendations to users
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New table

Before

After

Registration

+ Personal profile data (maybe weight,
height, gender, and age) is used in
predicting the energy consumtion and
needs

Personal profile data (weight, height, gender, and
age) is used in predicting the metabolism, which
will be used in predicting the HR and energy

Cycling and
Nutrition Plan

. Select routes probaly provides more data
than Select from course profiles

Select routes is more desirable than Select from
course profiles. Because Select routes provides more
data than Select from course profiles, such as
weather and road information (in segments), and
past cycling HR data. Therefore, choosing Select
routes can predict HR data (before cycling) more
accurately.

Biological
Explanation

Different training types have different

nutrition needs and consumption

+ Foodplans for the pre-race day and race
day are related together

- Red line of the Glycogen level means the

glycogen in the body decreases, whereas

the green line means the opposite.

Low intensity cycling (recovery training, endurance
training) belongs to aerobic exercise. Both carbo
and fats are needed

High intensity cycling (interval training, race)
belongs to anaerobic exercise. The energy mostly
comes from carbo

The energy for the race mainly comes from the
energy storage on the pre-race day instead of the
food intake on the race day. Therefore, the food
plan on the pre-race day is more important.

Red line of the Glycogen level means the body does
not contain enough glycogen and the muscle wil
be impaired, whereas green line means the
opposite.

Result Renew
and
Comparison

+ There will be a coparison between the
predicted and real energy consumption.

.

After cycling, users real HR data and road
information will be uploaded from their device to
the model to calculate the real energy
consumption

The algorithm makes progress by closing the gap
between the predicted and real HR data.

Figure 5.4: Comparison between the original and rebuilt user mental model
The comparison is based on four different types of functions.
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when it knows the result is unreliable.

In the ETS, participants gave a high score of 4 to statement 3, and their reasons
are relatively similar. Participants claimed that although they understand how the
algorithm makes progress and can see it directly from the Progress module, they
firmly believe that there is numerous data and situations that the model cannot get
and predict. Three participants also mentioned that although the real HR data and
road information will be used to update the result, calculations finished by the algo-
rithm are still based on numerous predictions, such as metabolism from the personal
profile data and other factors in counting energy consumption. The exact amount of
energy consumption and nutrition needs are always generated from the predictions
of some unknown information.

New table

Explanation Satisfaction Scale

sD
1 to 5 is corresponding to Strongly Agree and Strongly Disagree
1. From the explanation, | understand how the [software, 1 0
algorithm, tool] works.
2. This explanation of how the [software, algorithm, tool]
; S 1.2 0.16
works is satisfying.
3. This explanation of how the [software, algorithm, tool]
: : 1 0
works has sufficient detail.
4. This explanation of how the [software, algorithm, tool] 1 0
works seems complete.
5. This explanation of how the [software, algorithm, tool]
: 1.2 0.16
works tells me how to use it.
6. This explanation of how the [software, algorithm, tool]
. 1.4 0.24
works is useful to my goals.
7. This explanation of the [software, algorithm, tool] shows
: ; 1.8 0.56
me how accurate the [software, algorithm, tool] is.
8. This explanation lets me judge when | should trust and 4 0.4

not trust the [software, algorithm, tool]

Figure 5.5: The number beside each question is the mean value of all participants’
answers.
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New table

Explanation Trust Scale

SD
1 to 5is corresponding to Strongly Agree and Strongly Disagree
1. 1am confident in the [tool]. | feel that it works well. 1.4 0.24
2. The outputs of the [tool] are very predictable. 1 0
3. The tool is very reliable. | can count on it to be correct all 4 0.4
the time. )
4. | feel safe that when I rely on the [tool] | will get the right 1.2 0.16
answers. ’ ’
5. The [tool] is efficient in that it works very quickly. 1 0
6.1 am wary of the [tool]. (adopted from the Jian, et al. Scale
4.4 0.24
and the Wang, et al. Scale)
7.The [tool] can perform the task better than a novice 1 0
human user. (adopted from the Schaefer Scale)
8. | like using the system for decision making. 1.2 0.16

Figure 5.6: The number beside each question is the mean value of all participants’
answers.
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5.2.3 Conclusion

In conclusion, the completeness of the user mental model after experiencing the
hi-fi design improves considerably compared to the original user mental model. The
new user mental model has met the requirements from the target mental model in
Chapter [3] Participants have learnt what performance can improve the prediction
results of the algorithm. However, the design has disadvantages considering the
users’ goals and trust.

Firstly, although users appreciate the biological explanations in the hi-fi, the lim-
ited and non-changing explanations still prevent users from keeping learning. More-
over, users are more concerned about what the explanations can contribute to their
aims. Users understand how the algorithm progresses, and they believe that im-
proving it leads to more accurate predictions. However, they doubt to what extent
the algorithm’s improvement can substantially enhance the nutrition plan and cy-
cling performance, especially for the latter. Because participants believe that the
food plan’s influence is limited, they consider the system’s recommendations as a
reference rather than a decisive factor in improving riding performance.

Besides, participants stressed that since there is numerous information the model
cannot sense or get as input feature, they trust their feeling of the body more than
the prediction from the algorithm, which confirms the conclusion from Hoffman et
al. [23] that users’ performance is affected by their level of epistemic trust, in other
words, the cognitive or deep level of trust. For the accuracy of the predictions, some
participants believe that a desirable way to present it clearly and intuitively is to dis-
play the specific value of accuracy. Participants also reported that the explanations
lack information on when they should and should not trust the algorithm, which is
required by the work of Liao et al. [25] that the XAl should inform users about the
limitation of the algorithms. However, some participants question its necessity, con-
sidering the algorithm knows that the predictions are not trustworthy and reliable.



Chapter 6

Discussion

This chapter includes the answer to the research question, the insightful findings
during the research process, and the limitation of the thesis work.

6.1 Answer to the Research Question

How do we implement human-centered XAl methods in a practical design case
to match users’ needs, and improve their understanding and trust in the algo-
rithm?

The prerequisite of applying the human-centered XAl in design practice is that
the research should be in a context-aware situation. Researchers should investigate
stakeholders’ profiles, such as their backgrounds, goals, and action sequence, and
the overall explanations should align with users’ goals and requirements. After that,
build the expert mental model and user mental model of the product, and collect their
opinions and feedback using different methods. Based on the mental models and
user profile, build the target mental model which closes the information gap between
experts and users and fit users’ aims and interest at the same time.

Therefore, the EMR application must ensure what its target users need and focus
on those points instead of making its function much more extensive. For example, it
includes every meal plan in a day, whereas it should highlight the primary function,
assisting cyclists in customizing the cycling nutrition plan. Therefore, this research
indicates that the EMR application should leave out all meal plans except the cycling
nutrition plan, the preparation, and the recovery meal plan. Besides, the application
should re-design the way of presenting the product information when users search
the food and drinks when filling out the nutrition plan.

After setting the target mental model, the explanations should be presented using
post-hoc methods to users, such as textual and visual explanations, and provide new
knowledge instead of information that users already know. Moreover, explanations
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should be presented in a step-by-step approach using natural language with didactic
statements.

Therefore, this research uses a simple chatbox form to realize these require-
ments. It not only allows users to seek helpful information when needed, but also
conceals the information that they already know after learning one to two times,
leaving a certain level of choice to the users.

For the content of the explanations, counterfactual (why A not B) and high-level
explanations are more effective in rebuilding the user mental model and correcting
users’ biases. The explanations should let users understand the product’s workflow
and what they can do to improve the algorithm’s results. More importantly, the ex-
planations and recommendations should not be complicated or overwhelming. The
number of reasons in a single explanation should be limited to two or three, and the
recommendations generated from the algorithm should leave users a certain extent
of freedom. Otherwise, users will lose interest and curiosity to explore the product
and explanations and stop trusting the system.

Therefore, this research suggests that the EMR application adjusts the current
content of the explanations. Firstly, the application should leave out all the repeated
explanations and only present the leading causes to the users. Secondly, the ex-
planations should present the system’s workflow step by step logically instead of
directly showing all the possible causes, regardless of whether they are relevant
to users. For example, the explanations for which users fill out their cycling and
nutrition data lead to a counter-effect. Finally, the application should provide more
explanations related to the biological aspect, which fits users’ aims and improve
users’ trust, satisfaction, and curiosity about the product.

After implementing the XAl, corresponding evaluations are needed because the
effect of XAl is different for each user. This research indicates that the EMR should
conduct several user evaluations to assess the new user mental model and other
traits like trust and satisfaction using professional scales like the Explanation Sat-
isfaction Scale and Explanation Trust Scale in a quantitative way. Alternatively, it
can use methods like Think-Aloud Task with Concurrent Question Answering, Cued
Retrospection, and Diagramming to measure the effect of XAl qualitatively.

6.2 Insight

There are several insightful findings during the research process. Firstly, users’ trust
and satisfaction with the model are influenced by the application’s explanations and
overall UX. Higher quality UX can persuade users to invest more time in learning
explanations and providing information and feedback, improving both the XAl's ef-
fectiveness and the algorithm’s accuracy.
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Contrarily, users’ trust in the algorithm can significantly decrease when 1) the
UX is unwell-designed and 2) the algorithm shows its complexity and intelligence on
purpose. For example, participants straightforwardly expressed doubt when there
is no provisioned product information in the Add drinks and Add products pages.
Moreover, users complained that the system automatically pops up five new food
plans which cannot be canceled, waiting to be filled out after they finished the cy-
cling nutrition plan, which suppressed their confidence and curiosity in exploring
the application because they felt constrained by the recommendations and lost their
autonomy.

Besides, users’ epistemic trust (cognitive level of trust) profoundly impacts the
users’ perspectives and attitudes toward the system. For example, most participants
claimed that they trust their feeling about the body much more than the predictions
from the algorithm because there is a quantity of data that the application cannot
sense or get. Therefore, the model’'s deep level of trust and perceptions will probably
only be influenced and changed after a long period of using the product in real life.

For the explanations themselves, users prefer that new knowledge is contin-
uously provided. Instead of presenting some unchanged high-level explanations
which can be learned several times, users would like to have various explanations
that can change with different situations, which keeps them distinct from physical
books. Besides, continued knowledge gathering can also enable users to stick to
the application.

6.3 Limitation

There are several deficiencies if the thesis work. Firstly, the whole user research
and evaluation process were performed online, whereas the physical experiment
could provide better results according to the research of J.S van der Waa et al. [27].
Moreover, although it is feasible for researchers to use either the within-group design
(involving the same users as in investigating mental model) according to Eiband et
al. [14], the evaluation results probably become more inclusive if a between-groups
design (involving different but comparable users) is applied.

All participants are the target users of the EMR application. They cycle more than
four times a week or even daily, and the normal riding distance is approximately 50
kilometers. Some have participated in the four-day outdoor riding, which ranges
up to 550 kilometers at high altitudes (more than 2000 meters). According to the
Nielsen Norman Group, “Five participants will discover over 80 % of the problems”
[78]. Research from Janet M. Six and Ritch Macefield has verified that the method
from the Nielsen Norman Group has a 95 % confidence level and margin of error of
+18.5 %, which means there is a 95 % chance that a group of five participants will
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find between 66.5 % and 100 % of the problems. However, While some groups of
Nielsen’s study found nearly all of the problems, one group found only 55 % of the
problems [79]. Therefore, the results could be more accurate and comprehensive if
the lo-fi and hi-fi prototype evaluation recruited more than 5 participants, especially
for the feedback from the EGC, as only one Al specialist was invited to fill up the
checklist.

Lastly, the ESS and ETS should have been sent to participants in the user re-
search phase to quantitatively evaluate the explanations in the original application,
which could provide a direct and clear comparison of the XAl between the initial
application and the hi-fi prototype.



Chapter 7

Conclusion

The paper presents a design practice of carrying out the human-centered XAl in
a context-aware situation. It contains the process of applying human-centered XAl
methods to the EMR application design and evaluating the effectiveness after imple-
mentation.

The thesis work first walked through the past literature related to the XAl, then
concluded the requirements and methods used in later research. After that, the
paper analyzed the current state of the EMR application, including its Uls, algorithm,
and workflow. The Uls were divided into four categories Registration, Cycling and
Nutrition Plan, Biological Explanation, and Result Renew and Comparison according
to the different functions.

The first-time user research was performed with an expert from the EMR com-
pany and target application users. The interview first built the expert mental model,
then set the user profile, including users’ goals, needs, and behaviors. Next, the user
mental model was built using Think-Aloud Task with Concurrent Question Answer-
ing, Cued Retrospection, and Diagramming. Based on the user and expert mental
model and the user profile, the target mental model is set, which provides guidelines
for the explanations design in the lo-fi and hi-fi prototype.

The lo-fi prototype design is built on the previously mentioned four categories.
The new explanations introduce the workflow step by step using post-hoc methods.
Textual and visual explanations are provided because of their outstanding perfor-
mance among other XAl approaches for non-technical users. The prototype dis-
cards the repetitive information, the knowledge that users already know, and wordy
explanations. The design informs users of why the algorithm keeps progressing
and compares predicted and real data. High-level explanations related to biological
knowledge are provided in natural language with didactic statements. The second
time lo-fi testing invited one Al specialist and the same target users for evaluation.
The lo-fi prototype used the Explanation Goodness Checklist, and the user mental
model was measured with the same methods from the previous user research. After
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that, opinions and feedback were collected from the specialist and users.

The hi-fi prototype adjusts the lo-fi design based on the opinions of users. The
third-time hi-fi testing was performed only with the same target users. Besides
the mental model, the hi-fi evaluation used the Explanation Satisfaction Scale and
Explanation Trust Scale to measure users’ satisfaction and trust in a quantitative
method. User feedback was collected during the evaluation process.

After the prototype design and evaluation phase, the paper answers the research
question and provides some insightful findings during the research process, which
probably indicate some future research suggestions. Firstly, the need for XAl to
inform users when the results from the algorithm are not trustworthy is worth recon-
sidering as different situations and products. Besides, there is no specific guideline
for informing users about the unreliable results or the limitation of the algorithm us-
ing the XAl methods, especially for the Ul design. Moreover, users’ epistemic trust
(cognitive level of trust) profoundly impacts both users’ behavior and perspective of
a product. Therefore, future research could also focus on what kind of XAl methods
can influence the users’ epistemic trust effectively and efficiently and the detailed
practice guidelines on how to implement it in a design case.
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Information brochure & Consent Form

Our research is collaborating with EatMyRide (EMR), a company that dedicates to helping
fanatic cyclists to improve their cycling performance by assisting them in customizing their
nutrition plan using the EMR app. By implementing Explainable Al (XAl) (a method that makes
Al more transparent and clear, and let things behind algorithms more understandable and
trustable for users), we want to improve user experience (UX), give users more reasonable
recommendations, and finally let users trust and stick to this app

You as a participant will go through (go through means to experience the app from the
registration part, and imagine you are going to use this app to make nutrition plans for the riding,
it contains the whole process) our current EMR APP design first, and give us your valuable
feedback and opinions based on your feelings about this APP, especially about its planning
system. Afterward, there will be a few questions related to your cycling and eating habits such
as how you prepare your nutrition plans for cycling. This will be an online interview last about
30min. There will be no recording but only some notes were taken down, which will be
completely anonymous and will only be used in this thesis research. You can quit the interview
at any time you want. Also, you can have your data deleted completely.

“I hereby declare that | have been informed in a manner that is clear to me about the nature and
method of the research. My questions have been answered to my satisfaction and | agree with
my own free will to participate in this research. | reserve the right to withdraw this consent
without the need to give any reason and | am aware that | can quit this research at any time. |
understand that the research results will be used in scientific publications or the EatMyRide
company in a completely anonymous manner. My personal data will not be disclosed to any
third parties without my permission. If | request further information about the research now or in
the future, | can contact Zoe Zhang (L.zhang-15@student utwente nl) or Ethics Committee

(ethicscommitiee-cis@utwente.nl).”

[ 1 give permission for the data collected in this research will be used for the analysis and
possibly presented to the board members of the master thesis defense anonymously.

[ 1 give permission for the answers to be quoted and published in the research output
anonymously

Signature:

Date:

If you have any complaints regarding this research, please contact the Ethics Committee of the
Faculty of Electrical Engineering, Mathematics and Computer Science at the University of
Twente, P.O. Box 217, 7500 AE Enschede (NL), email: ethicscommittee-cis@utwente nl

Figure A.1: First time user interview Information brochure and Consent form
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Information brochure & Consent Form

Qur research is collaborating with EatMyRide (EMR), a company that dedicates to helping
fanatic cyclists to improve their cycling performance by assisting them in customizing their
nutrition plan using the EMR app. By implementing Explainable Al (XAl) (a method that makes
Al more transparent and clear, and let things behind algorithms more understandable and
trustable for users), we want to improve user experience (UX), give users more reasonable
recommendations, and finally let users trust and stick to this app.

You as a participant will experience the design EMR APP lo-fi design and give us your valuable
suggestions and feedback especially on its planning system. You will receive a web link
containing the lo-fi design. You are required to go through the lo-fi design (go through means
experience the app from the registration part, and imagine you are going to use this app to
make nutrition plans for the riding, it contains the whole process). At the same time, you are
encouraged to think out loud when you experience the lo-fi, and you will be asked some
questions during and after this process. The whole process lasts about 30min. There will be no
recording but only some notes were taken down, which will be completely anonymous and will
only be used in this thesis research. You can quit the interview at any time you want. Also, you
can have your data deleted completely.

“I hereby declare that | have been informed in a manner that is clear to me about the nature and
method of the research. My questions have been answered to my satisfaction and | agree with
my own free will to participate in this research. | reserve the right to withdraw this consent
without the need to give any reason and | am aware that | can quit this research at any time. |
understand that the research results will be used in scientific publications or the EatMyRide
company in a completely anonymous manner. My personal data will not be disclosed to any
third parties without my permission. If | request further information about the research now or in
the future, | can contact Zoe Zhang (.zhang-15@student utwente nl) or Ethics Committee
(ethicscommittee-cis@utwente. nl).”

(J 1 give permission for the data collected in this research will be used for the analysis and
possibly presented to the board members of the master thesis defense anonymously.

[ I give permission for the answers to be quoted and published in the research output
anonymously.

Signature:

Date:

If you have any complaints regarding this research, please contact the Ethics Committee of the
Faculty of Electrical Engineering, Mathematics and Computer Science at the University of
Twente, P.O. Box 217, 7500 AE Enschede (NL), email: ethicscommittee-cis@utwente nl

Figure A.2: Second time lo-fi testing Information brochure and Consent form
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Information Brochure

Research Topic

User Interface Design through Human-Centered Explainable Al Method

Researcher

Zoe Zhang

+31684341835

J.Zzhang-15@student. utwente.nl

Electrical Engineering Mathematics and Computer Science, University of Twente
Enschede,

Supervisor

Armagan Karahanoglu
a.karahanoglu@utwente.nl

Engineering Technology, University of Twente

Mariét Theune
m theune@utwente.nl

Human-Media Interaction group, University of Twente

Ethics Committee
ethicscommittee-cis@utwente nl

Description

Our research is collaborating with EatMyRide (EMR), a company that is dedicated to helping
fanatic cyclists to improve their cycling performance by assisting them in customizing their
nutrition plans using the EMR app. By implementing Explainable Al (XAl) (a methed that makes
Al more transparent and clear, and makes things behind algorithms more understandable and
trustable for users), we want to improve user experience (UX), give users mare reasonable
recommendations, and finally let users trust and stick to this app.
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You as our research participants can experience how and what a scientific nutrition plan could

bring to you and really improve our current design. This research requires no pre-knowledge to

Al, and you don't need to have previous experience using EMR or other similar applications.

The whole process lasts for about 40 min.

Procedure and Data Collected

Familiar with original EMR app (5min)

You will experience the original EMR app design first. You are required to start from the
registration part and finish the whole process by imagining you are going to take a cycle
and are here to make your nutrition plan.

Think-Aloud Task with Concurrent Question Answering (30min)

You will experience the new design (Hi-Fi). There is only one task: Imagine that you are
going to take a cycle, and you will make your nutrition plan from the User Register step
and explore the EMR app (it won't involve any of your private data, or you can just fill in
the fake data, it won't influence the result). You will perform this task and think out loud
about the Hi-Fi prototype. During this process, you may also be asked some simple
questions such as how and why you feel this way during and after the testing.

You will participate online, and there is no recording only notes were taken down. The
Hi-Fi document will be sent to you and you just need to open the webpage fo experience
it.

The Explanation Satisfaction scale and the Trust scale (5 min)

You will be asked to fill out two scales in an online form. These are simple scales that let
you measure the satisfaction and trust level of the explanation.

Data storage

Data will be securely stored according to the GDPR guidelines with correct encryption in place

and will be anonymized as early as possible. Data is only stored until the end of the thesis

research, according to VSNU guidelines.
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Data Usage

Your data will be anonymized, and will only be used for this master thesis research. All your
information will be completely anonymous. After the research, all your raw data (video and
audio data) will be deleted completely. If you want to withdraw from the research, all your data
collected will be deleted directly. But the observation notes we taking down may be used
(quoted) in this thesis paper anonymously.

Contact

If you have any questions after the research, please contact me via
j.zhang-15@student utwente nl or the Ethics Committee via ethicscommittee-cis@utwente nl

Consent Form

‘I hereby declare that | have been informed in a manner that is clear to me about the nature and
method of the research as described in the information brochure. My questions have been
answered to my satisfaction and | agree with my own free will to participate in this research. |
reserve the right to withdraw this consent without the need to give any reason and | am aware
that | can quit this research at any time. | understand that the research results will be used in
scientific publications or the EatMyRide company in a completely anonymous manner. My
personal data will not be disclosed to any third parties without my permission. If | request further
information about the research now or in the future, | can contact Zoe Zhang
(..zhang-15@student. utwente_nl) or Ethics Committee (ethicscommittee-cis@utwente.nl).”

[ | give permission for the data collected in this research will be used for the analysis and
possibly presented to the board members of the master thesis defense anonymously.

[ 1 give permission for the answers to be quoted and published in the research output
anonymously.

Signature:

Date:

If you have any complaints regarding this research, please contact the Ethics Committee of the
Faculty of Electrical Engineenng, Mathematics and Computer Science at the University of
Twente, P.O. Box 217, 7500 AE Enschede (NL), email: ethicscommittee-cis@utwente.nl

Figure A.3: Third time hi-fi testing Information brochure and Consent form
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Customize your cycling nutrition plan

Create Account

Already have an account?
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These data will be'used as a part of the prediction
your metabolism (heart rate, energy storage, burn and
needs, etc).

Height (em)

used as a part of the prediction of your metabolism.

Sedentary
work type: seated, &

e Moderate
. Worktype: seated, exerc]

Finish



Select ride ® ® Select drink ®

Instead of selecting a course profile, selecting a route provides more
detailed cycling data such as weather, so you'll have more accurate
predictions of your current cycling heart rate.

Fluid intake @ { Calculated by your merabolism]
e

we predict.

From routes
[ 750 mi/h v]

Past routes from other APPs. They contain road information
per segment and detailed cycling information like your past
cycling heart rate.

2 n Total: 1000 / 2400 ml
STRAVA (O A :
komoot N
From course profiles TORQ hydration
watermelon
f RQ o 60keal per 500m|
J f { & most people choice
Flat Hill Mountain
) ) High 5 recovery
Start time End time drink
60keal per 500ml E]
[ 16:30 | 20:30 J ot peopte chaice
Distance (km) Elevation (m)

[ 100 \ 400 ] 0

[ Predicted only based on your profile ]
Ride type Heart rate @

[ Endurance training 7] [ Heart rate (bpm) v]
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® Select food ® Select food

Calculated by your current cycling

Carbo intake ® ﬁ[heart rate and metabolism we

predict.

[ 45g/h VJ
Total: 96/ 144 g [ Q J

Apple pie spice

Total: 96 / 1449 ®

229 carbo per 39g ]
Hammer gel +
ﬁ banana 3 most people choice /
&} 22g carbo per 39g x2 ‘

e a few people choice : Acorn SqUaSh

" 22 b 39 )

.. High 5recovery g carbo per 39g . ‘

W drink ] few people choice )

A xz

- 26g carbo per 39¢
mast people chaice

Ale
22g carbo per 39g )
* |
few people choice J
Alfredo sauce
“# ) 7 22gcarboper 399 )
+|
many people choice )
Allspice

22 carbo per 39 )
+]
meost people choice )

N<xs<CcHwmoTDozzrAxc-IeTmmoo=@




Plan

Mon Tue Wed Thu Fri Sat Sun
19 20 21 22 23 24 25

Energy intake

1 680 keal

Carbo: 74 / 5519 Fat:12/111g  Protein: 8 / 99g

Activity level - Sedentary 2097 kcal
Ride - Recovery training 1200 keal
Total energy needs 3297 keal

Recovery training: few carbo and fats to provide energy
more protein to help muscle recovery

De Ultieme Zomertocht
100km/ 2360kcal/ 4h

, Preparationmeal 15:00

284/354 keal

. Recovery meal 21:30
»

Plan the recovery meal after riding
-~
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Cycling detail ®

De Ultieme Zomertocht
100km/ 1360kcal/ 4h

‘ High & recovery drink = ‘ 00:15h | 6km

P

Gel banana

02:15h | 56km

Edit ride

Carbo: 51 of 60 g/h
T Fluid:1.1of2.4L
I Energy level: good
B

Nutrition quality: good

Burned energy @'\/UHCJH[Ed by your predicted heart |

rate and metabolism. The result will
be renewed after you finish riding
and upload the real-time heart rate
and road information from your

| Garmin or other devices.

1 3‘60 keal 37% - 35g

/ Carbo  63%- 1369

Glycogen level ®
.

30 Calculated by your metabolism,
cycling plan and food plan.
20 b :
10 /ﬂ
Base
-10

™, Red or orange line means you don't get enough nutrition
fram food plan. Your muscle has a higher risk being
impaired.

J You can check pogress of both your
Progress @ ¢ performance and our prediction

accuracy

Energy burn (kcal) Prediction: based on your predicted
heart rate data
1700 Real: based on your real heart rate and

road information

1400
/\\/ N
1100 | 7 ) \\‘\, '

800

500 Day

Prediction Real
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vy (. Youvefinished aride
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EatMyRide  your recovery meal!
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Cycling detail ®

De Ultieme Zomertocht 16:30
100km/ 1360kcal/ 4h

‘ 00:15h | 6km

|

‘ High 5 recovery drink

r

Gel banana ‘ 01:15h

02:15h | 56km

Edit plan

Carbo: 51 of 60 g/h

T Fluid: 11 of2.4L
IS Energy level: good
]

Nutrition quality: good

Burned energy (3

1360 keal 1580 keal

Carbo 63% -136g Carbo 67%-142g

37%- 35g/ 33%- Q‘V

Prediction Real

Glycogen level ®

am N
o (+189)
30 Ay
20 L S . \J
./' R
10
V4
o
Base - - km
N, 20 40 60 80 100
10 [
Green line means you get enough nutrition from food plan
to keep the clycogen level to fix your muscle after cycling.
Progress ®
Energy burn (kcal) Daily w
1700
;
1400 . /
/\\/ =, 1360
: N
1100 7 M"“x,\_\_\__.
800
500 Day

Mon Tue Wed Thu Fn Sat Sun

Prediction Real

Figure B.1: Hi-fi prototype pages
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C.1 Explanation Goodness Checklist
C.2 Explanation Satisfaction Scale

C.3 Explanation Trust Scale

95



96

APPENDIX C. DIFFERENT MEASUREMENT SCALES

The explanation helps me understand how the [software, algorithm, tool] works.

YES

NO

The explanation of how the [software, algorithm, tool] works is satisfying.

YES

NO

The explanation of the [software, algorithm, tool] sufficiently detailed.

YES

NO

The explanation of how the [software, algorithm, tool] works is sufficiently complete.

YES

NO

The explanation is actionable, that is, it helps me know how to use the [software, algorithm, tool]

YES

NO

The explanation lets me know how accurate or reliable the [software, algorithm] is.

YES

NO

The explanation lets me know how trustworthy the [software, algorithm, tool] is.

YES

NO

Figure C.1: Explanation Goodness Checklist
[23]
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I. From the explanation, I understand how the [software. algorithm, tool] works.

5 4 3 2 1
T agree strongly | I agree somewhat | I'm neutral about | [ disagree I disagree
it somewhat strongly
2. This explanation of how the [software. algorithm. tool] works 1s satisfying.
5 4 3 2 1
I agree strongly | I agree somewhat | I'm neutral about | I disagree I disagree
1t somewhat strongly
3. This explanation of how the [software, algorithm. tool] works has sufficient detail.
5 4 3 2 1
T agree strongly | I agree somewhat | I'm neutral about | [ disagree I disagree
1t somewhat strongly
4. This explanation of how the [software. algorithim, tool] works seems complete.
5 4 3 2 1
T agree strongly | I agree somewhat | I'm neutral about | [ disagree I disagree
it somewhat strongly
5. This explanation of how the [software. algorithm, tool] works tells me how to use 1t.
5 4 3 2 1
T agree strongly | I agree somewhat | I'm neutral about | [ disagree I disagree
it somewhat strongly
6. This explanation of how the [software. algorithm. tool] works 1s useful to my goals.
5 4 3 2 1
I agree strongly | I agree somewhat | I'm neutral about | I disagree I disagree
1t somewhat strongly

7. This explanation of the [software. algorithm. tool] shows me how accurate the [software.

algorithm, tool] 1s.

5 4 3 2 1
T agree strongly | I agree somewhat | I'm neutral about | I disagree I disagree
it somewhat strongly

8. This explanation lets me judge when I should trust and not trust the [software, algorithm,

tool]
5 4 3 2 1
I agree strongly | I agree somewhat | ['m neutral I disagree I disagree
about 1t somewhat strongly

[23]

Figure C.2: Explanation Satisfaction Scale
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1. I am confident in the [tool]. I feel that it works well.

5 4 3 2 1
I agree strongly | I agree somewhat | I'm neutral about | I disagree I disagree
it somewhat strongly
2. The outputs of the [tool] are very predictable.
5 4 3 2 1
I agree strongly | I agree somewhat | ['m neutral about | I disagree I disagree
it somewhat strongly
3. The tool 1s very reliable. I can count on it to be correct all the time.
5 4 3 2 1
I agree strongly | I agree somewhat | ['m neutral about | I disagree I disagree
it somewhat strongly
4 1 feel safe that when I relv on the [tool] I will get the right answers.
5 4 3 2 1
I agree strongly | I agree somewhat | ['m neutral about | I disagree I disagree
1t somewhat strongly
5. The [tool] 15 efficient in that 1t works very quickly.
5 4 3 2 1
I agree strongly | I agree somewhat | ['m neutral about | I disagree I disagree
it somewhat strongly
6.1 am wary of the [tool]. (adopted from the Jian, et al. Scale and the Wang. et al. Scale)
5 4 3 2 1
I agree strongly | I agree somewhat | ['m neutral about | I disagree I disagree
it somewhat strongly

7. The [tool] can perform the task better than a novice human user. (adopted from the Schaefer

Scale)
5 4 3 2 1
T agree strongly | I agree somewhat | I'm neutral about | I disagree I disagree
it somewhat strongly
8.1 like using the system for decision makmg.
5 4 3 2 1
I agree strongly | I agree somewhat | ['m neutral about | I disagree I disagree
1t somewhat strongly

[23]

Figure C.3: Explanation Trust Scale
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