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Abstract

Training datasets play a central role in shaping the behavior, limitations, and impacts of
Al systems, yet transparency about training datasets remains limited in practice. As a
result, users can lack the context needed to meaningfully interpret system outputs, form
informed judgments, and engage with Al systems effectively. One approach to addressing
this lack of context is through training dataset explanations, which communicate key
characteristics of the data used to train Al systems. This dissertation investigates how

such explanations can support data-centric transparency in Al systems.

As part of this exploration, the dissertation presents three complementary studies.
The first two studies examine how explanation design factors influence how users use
training dataset explanations in an onboarding setting and how they assess the systems
that provide them. The first study examines the influence of presentation style by
comparing a data storytelling—based presentation with a Q&A-based presentation, while
the second study investigates the effects of information depth by comparing summary
and detailed training dataset explanations. These studies show that, in an onboarding
context, differences in presentation style and information depth lead to different patterns
of use, perceived understanding, and trust. These findings highlight how design choices

in training dataset explanations can shape users’ assessment of Al systems.



The third study introduces and validates a dual-format Al literacy scale grounded in
an established AI literacy framework. The study focuses on scale development and
psychometric validation of its measurement properties. The scale combines self-assessed
and demonstrated knowledge to support systematic assessment of users’ conceptual
understanding of Al Follow-up analyses using the scale reveal mismatches between
perceived and demonstrated understanding, highlighting the limitations of relying solely

on self-reported measures in explanation research.

Overall, this work contributes to the field of human-centered explainable AI by
foregrounding training datasets as a critical aspect of system transparency and by
contributing both design insights and measurement tools to support explanation research.
In doing so, it supports explanation design and evaluation practices that can better
account for user differences and interaction contexts, advancing the long-term objective

of effective human-AI collaboration.
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Chapter 1

Introduction

Artificial Intelligence (AI) and Machine Learning (ML) systems increasingly shape
decisions that affect people’s lives, from everyday recommendations [49,136,175,341], to
screening candidates in hiring [182,212,261], to assisting doctors in healthcare
[20,50,63,115], and even informing judgments in criminal justice [7,42,43]. As these
technologies expand their reach, it is critical that interested parties' can use these systems
in an informed and responsible manner. This requires transparency, which is defined as
the degree to which people can understand how a system operates and what factors

influence its outputs [93,120,246].

Al systems are rarely transparent by default, given that their behavior is driven by
“black-box” algorithms. This lack of transparency undermines users’ trust, hinders

accountability, and limits people’s ability to make informed judgments about these

' We use the term interested parties to refer to people impacted by technology due to the colonial
connotations of the term stakeholders [251].
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systems [83,200,267]. To address these challenges, the field of Explainable Al (XAI)
continues to develop a variety of explanation techniques that reveal aspects of how Al
systems function [1,2,38,132]. While studies have demonstrated that explanations can
increase perceived transparency [83,208,258], trust [167,198,278], and acceptance
[83,173,336], XAI research has also been criticized for its predominant focus on
algorithms [106,223,224]. Prior studies show that algorithm-centered explanations often
fail to align with users’ needs and can, at times, even contribute to detrimental effects,
such as inappropriate trust, overreliance, and increased cognitive burden

[24,25,47,50,163,255].

Several researchers, therefore, argue for moving beyond algorithmic transparency
and toward socio-technical and human-centered transparency. Al systems are socio-
technical in that they embody social choices in data collection, design, and deployment,
and their impacts extend beyond technical outputs [8,103,106,108]. Furthermore,
explainability is a human factor rather than an algorithmic property [105]. Explanations
are socially situated [202,206,223] and reflect a shared sense-making process that occurs
between an explainer and explainee. To be meaningful, explainability must account for
more than algorithms. It should incorporate the data used to train the system, the design

decisions that shaped the system, and the humans behind it [47,103,127,210,324].

A critical element in a socio-technical, human-centered view of transparency of Al
systems is training data. Al systems are data-driven, meaning they learn patterns from
training data and leverage this learning to make predictions and recommendations
[30,218]. As a result, the properties of training data directly influence the fairness,

accuracy, and reliability of their predictions. Further, any potential problems or biases in
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the data often manifest in the system’s behavior, raising concerns about equity and
accountability [26,40,57]. This makes the entire pipeline for training dataset formation,
starting from the data collection through data processing (e.g., cleaning, annotating), to

data evaluation, important [194].

Despite this importance, information about training data is rarely communicated to
users [33,81,153]. As a result, users often lack critical context about the systems they use,
which can lead to miscalibrated trust and inappropriate reliance on the system. Limited
transparency about training data can be particularly consequential in early-use settings,
such as system onboarding, because early interactions with the system shape mental
model formation, set expectations, and calibrate trust [55,190]. While prior work has
explored the initial feasibility of training dataset explanations [8], we still do not have a
systematic understanding of how to design such explanations for diverse users in

onboarding settings.

Motivated by this, in this dissertation, we study how to design effective training
dataset explanations for onboarding contexts. We examine how design choices shape
users’ understanding of explanations and their assessments of Al systems. We also take
a critical step towards design for diverse users by developing and validating an
instrument that assesses users’ Al literacy (i.e., the ability to recognize Al systems,
understand AI's strengths and limitations, interpret Al decision-making processes, and
reflect on societal and ethical implications of AI) and provides a basis for assessing and

potentially tailoring explanations and Al interventions to different user groups.
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1.1. Thesis Objective and Research Questions

The primary objective of this dissertation is to address challenges in designing effective
training dataset explanations for diverse users. Our specific approach within this greater
objective is that we place a strong emphasis on understanding the impact of key design
factors in training dataset explanations and take a first step toward enabling design and
evaluation with a diverse set of users by assessing their Al literacy through an instrument
that future work can use to guide the design and assessment of Al interventions. To

advance this objective, this dissertation investigates the following research questions.

i) How does the presentation style of training dataset explanations impact users’

comprehension of the explanation and their assessments of Al systems?

ii) How does the amount of information in training dataset explanations affect users’

comprehension, cognitive load, and their assessments of Al systems?

iii) What constitutes a robust scale to assess users’ Al literacy, and how can such a

scale support future research and system design?

1.2. Approach

To answer our research questions, we conducted three complementary studies. In the
following sections, we provide a brief overview of the studies and how they connect with

each other.

1.2.1. Presentation Style Study

To investigate our first research question, we conducted a controlled user study to

examine how people use information about training data to assess an Al system and how

4
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presentation style impacts their comprehension and assessments. We asked participants
to assess an Al system based on an explanation on the system’s training data presented
either in a narrative-driven “Data Story” format or a structured Q&A format. We
collected data from participants’ written assessments of the system, responses to a self-
report questionnaire, and semi-structured interview sessions. Through the study, we
provide insights into what information users focus on when they interact with training
dataset explanations, whether they seem to understand the material, and how the
presentation style shapes their information use and understanding. This study was
published at the IEEE VL/HCC 2024 conference and the materials presented in this

dissertation are a revised and adapted version of the content from the publication [9].

1.2.2. Information Depth Study

To answer the second research question, we began with a scoping review of the negative
consequences of explanations (i.e., explainability pitfalls [107]) and identified
information depth (i.e., the level of detail and complexity in an explanation) as a key
factor that can contribute to information overload. We then conducted a controlled user
study in which participants assessed two Al systems, each accompanied by training
dataset explanations that varied in information depth (summary vs. detailed). We
collected participants’ written assessments and self-reported questionnaire responses for
each system, and semi-structured interview responses. Through the study, we provide
insights into how information depth in training dataset explanations affects users’
understanding, their assessment of an Al system, and cognitive load. This study was
published at the ACM IUI 2026 conference and the materials presented in this dissertation

are a revised and adapted version of the content from the publication [11].
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1.2.3. Assessing Users’ Al Literacy

To answer our final research question, we developed and psychometrically validated a
dual-format scale for assessing users’ Al literacy, combining self-assessment items with
factual knowledge items. Following established scale development frameworks
[61,92,143], we applied factor analysis and item response theory to develop and evaluate
the psychometric properties of the scale. Through the study, we provide a tool that
enables researchers and practitioners to reliably assess users’ Al literacy, identify
differences across user groups, and potentially tailor explanations and intervention
strategies so that AI systems better support diverse users. We also examined the
relationship between self-assessed and factual understanding of AI and analyzed how

experience-related factors, such as prior Al training, influence users’ Al literacy.

1.3. Summary of Contributions

We contribute to the field of human-computer interaction and explainability research in

the following ways:

(1) We provide empirical evidence on how training dataset explanations shape
users’ understanding and assessments of Al systems.

(2) We identify design trade-offs and offer guidance on using presentation style
and information depth to balance clarity, comprehensiveness, and usability of
training dataset explanations.

(3) We develop and psychometrically validate a dual-format instrument that

combines subjective self-assessment with demonstrated understanding of Al,
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enabling future research to more comprehensively assess users’ Al literacy, as

well as design and evaluate Al interventions for diverse users.

This dissertation will help researchers and practitioners by offering empirically
grounded guidance for designing training dataset explanations and a validated
instrument for assessing users’ Al literacy. Accordingly, these contributions broaden the
scope of XAI beyond algorithmic transparency by advancing the design of data-centric
explanations and equipping researchers with a robust tool for characterizing users in
future explainability research. By enabling both better designed training dataset
explanations and more accurate assessment of users’ Al literacy, this dissertation

promotes more informed and responsible use of Al systems.

1.4. Thesis Outline

Chapter 2 presents background and related work on Al transparency and explanations,
which motivates the need for training dataset explanations, and situates the contributions
of this dissertation within this literature. Chapter 3 describes the first study, where we
investigate the impact of presentation style. Chapter 4 presents the second study, in
which we examine the impact of information depth. Chapter 5 describes the development
and validation of the scale to assess users’ Al literacy and examines the relationship
between users’ self-assessed and demonstrated understanding of Al Chapter 6 reflects
on the findings and approaches used across these studies, synthesizing insights and
offering considerations for future research. Finally, Chapter 7 concludes the dissertation,

summarizing key takeaways, and outlining potential avenues for further investigation.






Chapter 2

Background and Related Work

To situate this dissertation in existing literature, we first review work that investigates
explanations as a promising way to support effective human—-AI collaboration. This
includes examining the diverse goals that explanations are intended to support and
characterizing the main types of explanations explored in prior research. We then
examine studies that explore the impacts of explanations on users, paying attention to
both benefits and potential negative consequences. Next, we survey research on how
design choices such as presentation style and information depth shape the effectiveness
of explanations. Finally, we review studies that address the diversity of users’ Al literacy
and knowledge and highlight related work that emphasizes the importance of building
robust and validated instruments for assessing Al literacy. We end with reviewing

existing tools developed to capture users’ Al literacy.



Chapter 2

2.1. Explanations for Supporting AI Transparency

In this section, we examine how explanations in Al systems have been conceptualized
and what roles they are intended to play in human-AI collaboration. We summarize the
main goals of explanations, review prominent explanation approaches, and highlight a
shift from algorithm-centered to socio-technical, human-centered perspectives that

motivates our focus on training dataset explanations.

2.1.1. Explanations for Effective Human-AI Collaboration

In recent research on Al systems, the concept of “human-AI collaboration” has gained
prominence, with a growing body of work exploring ways to design and support effective
partnerships between humans and Al systems [25,55,71,155,165]. The objective of such
collaboration is to leverage the complementary strengths of both to enhance overall
collaborative performance. While some studies have found that human-AI collaboration
leads to improved performance compared to individuals or Al working alone
[55,71,201,265], others have shown no improvement or even a detrimental impact on
performance [25,151,311,340]. Insufficient transparency is cited as a major barrier to
effective collaboration as users’ struggle to interpret how the Al produces its outputs and
to make informed judgments about whether to rely on them [50,146,322]. For example,
prior research shows that people may be skeptical of useful Al outputs or overly reliant

on biased Al outputs, both of which can undermine human-AlI collaboration [47,235].

A promising way to address the lack of transparency in Al systems is through
explanations [1,2,198]. While many definitions exist for explanations, broadly, an

explanation is a human-oriented account of how an Al system produced (or would
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produce) a specific outcome for a given audience and context [97,202,223]. An
explanation addresses users’ “why”, “what”, or “how” questions by identifying and
communicating the most relevant causes or factors behind the system’s behavior,
enabling users to understand, evaluate, and act upon the information [72,179,198,206].
Prior work characterizes many explanations as contrastive (why one outcome occurred
instead of another) [202,223,267] and social (tailored to an audience’s needs, knowledge,
and context) [103,202,223], and suggests that they tend to emphasize usable causal factors

over exhaustive detail [184,206,223].

Explanations have the potential to enhance the transparency of systems, informing
users about whether to trust the system and promoting appropriate reliance on Al
systems [38,54,96,198]. However, many Al explanations are algorithm-centered and are
often too technical for the intended receivers [106,223,224]. Consequently, instead of
supporting users in achieving better human-AI collaboration, explanations may
inadvertently burden users [103,167,181]. Moreover, since Al systems are deeply
embedded in socio-technical contexts, transparency must extend beyond model internals
and include factors such as training data, system purpose, and user goals
[8,37,103,105,223]. Recognizing this broader perspective, in this dissertation, we focus on
training dataset explanations [8] as a key form of transparency. By revealing how data
shape model behavior and outcomes, these explanations aim to support more informed,

responsible, and effective human—-AlI collaboration.

2.1.2. Goals of AI Explanations

Explanations can be designed to serve a range of goals. Prior work has derived nine

common goals for explanations [80,237,308] that include: Transparency (explaining how
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the system works); Trust (increasing users’ confidence in the system); Satisfaction
(increasing the ease of use or enjoyment); Efficiency (aiming to make decisions faster);
Effectiveness (aiming to help users make good decisions); Education (enabling users to
generalize and learn); Persuasiveness (convincing users to perform an action); Scrutability
(allowing users to tell the system it is wrong); and Debugging (enabling users to identify
defects in the system). When an explanation has multiple intended goals, their
dependencies may be complementary, contradictory, or even unknown. For example,
improved transparency often aligns with more informed trust [83,167,183,340], indicating
that these goals usually complement each other. On the other hand, the goal of

persuasiveness can contradict the goal of effectiveness in some settings [70,237].

In this dissertation, we emphasize the practical utility of explanations for users’
immediate tasks and decisions [144,195], and within this emphasis, we introduce and
examine critiquing as an explanation goal. By critiquing, we mean helping users identify
a system’s strengths and weaknesses for their own use cases and decision contexts,
including where it is likely to work well and where it may fail. This goal addresses well-
documented challenges, such as users resisting a tool due to a lack of knowledge about
its capabilities, utility, intended usage, and potential algorithmic aversion [94,114]. We
position critiquing within onboarding [55,190], where users reflect on the system before
or alongside early interaction. We also consider how critiquing may relate to existing
goals. For example, the capacity to critique through explanations may shape perceived

transparency and inform trust, which can support calibrated reliance.
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2.1.3. Explanation Approaches in AI Systems

A large body of prior research has explored how to improve system transparency and
interpretability through various explanation approaches. Most of these existing
approaches focus on providing information on the decision process and the decision
factors. Some of these approaches are local explanations that focus on explaining
individual decisions from a system (e.g., counterfactual [267,275] or case-based [54,236]
explanations). Others are global explanations that focus on helping users understand
the overall system [96], by describing how the model works (e.g., feature importance
(38,88], feature contribution [25,72,326,340], and demographic-based [13,327]
explanations). In terms of the degree of specificity, some of the approaches are model-
specific explanations [63,179,193] that pertain to a particular model and can explain
that model’s decisions. Others are model-agnostic explanations [267,268] that can

explain the decisions from a range of models.

The majority of these explanation approaches are algorithm-centered [1,2,37,197,255].
Recognizing that this narrow focus has important limitations, researchers have called for
a shift to broader contexts [103,105,106,196]. These calls have led to the development of
two complementary human-centered directions: socio-technical approaches
[103,104,106,108,223], which consider factors beyond the algorithmic “black box,” such
as human, organizational, and ethical dimensions; and data-centric approaches

[8,33,37,345], where the focus of the explanations is on the training dataset of the system.

Within data-centric approaches, there is ongoing work on documenting and
presenting training data, particularly for individuals with specific expertise (e.g., Al

developers, data specialists, and domain experts) [15,33,76,127,145,257]. This work
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commonly employs Q&A approaches to organize training dataset documentation. For
example, datasheets for datasets [127] utilize a Q&A approach to provide information on
the motivation, creation, composition, intended use, and maintenance of a dataset,
whereas factsheets [15] uses a Q&A format to provide information on the creation of a
system, training, deployment, and performance. Another common approach is to use
structured headings to organize the information. For example, Data Nutrition Labels [145]
present dataset information similarly to the standardized “Nutrition Facts” seen on food
packaging. Other work has also explored combined formats, including Data cards [257],
which combines blocks of texts, open-ended answers, and examples to summarize

essential facts about the data (e.g., the process and rationale that influence the data).

Although researchers have advocated extending these dataset explanations to a
broader range of interested parties [76,257], little is known about how to make such
explanations accessible and what effects they may have on users. In my M.Sc. thesis [12],
we explored the feasibility of a model-agnostic, global explanation describing how an Al
system was trained. Findings showed that users valued access to such explanations but
raised open questions about how they process and use them. This Ph.D. dissertation
builds on that foundation by examining how users use training dataset explanations to
assess and understand Al systems, and how design choices in these explanations affect

this process.

2.1.4. Summary

This section highlights the limitations of algorithm-centered explanations within a
human-centered view of transparency and positions training dataset explanations as a

complementary form of explanations. It also clarifies existing explanation goals and
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introduces critiquing as a goal that emphasizes practical utility of explanations. Together,
these points motivate our focus on designing training dataset explanations that help users

understand and assess Al systems.

2.2. Impact of Al Explanations on Users

Numerous studies have investigated the impact of explanations on how users perceive
and interact with Al systems. These studies have shown that explanations can promote
transparency [83,208,258], impact users’ acceptance of the systems [83,173,336], and
influence fairness perceptions [8,36,38,96,191]. The presence of explanations leads to
increased transparency, subsequently fostering users’ acceptance of the system. However,
there are mixed results regarding the impact of explanations on users’ trust in Al systems.
While some studies reported positive effects of explanations on users’ satisfaction and
trust [167,180,198], others found no impact on trust [72,83,255], suggesting gaps between

the focus of explanations and user needs.

Beyond mixed effects on trust, prior studies have highlighted how existing XAI
approaches can sometimes fail to meet users’ expectations, and can even lead to
unanticipated and unintended negative consequences that have adverse impacts on users
[107,196]. Ehsan and Riedl defined these negative downstream effects as “explainability
pitfalls” [107]. Prior research has discussed several ways in which pitfalls can appear in
explanations [107,319]. For example, that the presence of explanations can sometimes
hinder people’s ability to identify system mistakes [255]. Additionally, Kaur et al.
discovered that the existence of explanations can lead to over-confidence in a model [163].

Placebic explanations that do not provide any useful information can lead individuals to
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inappropriately trust the system [109]. Moreover, users often overestimate their

understanding of explanations, which can lead to illusionary understanding [78].

In light of these observations, we first conduct a scoping review [14] to identify the
primary ways explainability pitfalls arise in explanations. Subsequently, we examine a

common pitfall as a central factor and evaluate a mechanism to mitigate this issue.

2.3. Prominent Design Factors for Explanation Design

Multiple design dimensions within explanations shape how useful they are across users
and contexts [36,72,96,181,278,302]. In this section, we focus on two factors that are
prevalent in the literature and are central to this dissertation: presentation style [36,302]

and information depth [72,181,278].

2.3.1. Presentation Style for AI Explanations

The way information is presented in an explanation can impact peoples’ perceived
comprehension of the explanation [181,282], their understanding of the system [72], and
their perceptions of system fairness [36]. For example, hybrid explanations that make use
of multiple modalities (e.g., text, visualization, audio) can lead to an improved
understanding of the system [270,302], however, there can be tradeoffs between
preference and performance (e.g., understanding). For example, receivers’ performance

can be comparatively worse with their preferred explanation [302].

While different presentation styles have been proposed for training dataset
documentation, prior studies with end users have typically examined only a single Q&A

format. Moreover, little is known about how users actually interpret and apply
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information from these explanations. In this dissertation, we extend prior work by
comparing two contrasting presentation styles and investigating how they support users

in critiquing a system.

2.3.2. Information Depth of AI Explanations

Information depth, which refers to the level of detail and complexity included in the
content of an explanation, stands out as a critical design factor as prior work has
produced mixed results concerning the impact of information depth on user
understanding [72,181,278,293], explanation preference [223], system reliance [50,247],

and cognitive load [69,167,181].

These mixed results can be interpreted through Cognitive Load Theory [300], which
explains how the amount and type of mental effort required by a task influences users’
ability to process information. The theory distinguishes between intrinsic load, which
comes from the inherent complexity of the material, extraneous load, which arises from
how information is presented, and germane load, which reflects effort devoted to building
understanding and mental models [299,301]. Increasing explanation depth can raise
intrinsic load by introducing more concepts, dependencies, and relationships that users
must process [301]. At the same time, when detailed explanations are well-structured and
clearly articulated, they may reduce extraneous load by clarifying system behavior and
minimizing ambiguity. Depth can also support germane load by encouraging users to
reflect on system behavior and construct more coherent mental models. Since intrinsic,
extraneous, and germane load are considered to be additive [242], reducing extraneous
load while increasing germane load is only effective if the overall cognitive demands

remain within users’ processing limits [295,301]. When explanation depth exceeds
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available cognitive resources, increases in intrinsic load may not be offset by reductions
in extraneous load or gains in germane processing. In such cases, information depth can
overwhelm users, increasing the risk of shallow understanding, misinterpretation, or
reliance on cognitive shortcuts [242,248,313]. This perspective helps explain why
information depth can both improve understanding and increase cognitive effort, and
why its effects depend on the amount of information provided and the way it is structured

for users.

The above theoretical tension is reflected in empirical findings and recommendations
in the literature. For example, some researchers argue that Al explanations should be
selective, drawing on properties of human explanation [204], because complete reasoning
can overwhelm users [184,223]. Simple explanations are often preferred by receivers
[203,223,264], but can lead to incomplete understanding [278]. Other researchers argue
for prioritizing comprehensibility of explanations over their compactness (i.e., limiting
information to avoid overwhelming users) [197]. In-depth information in explanations
can help users to develop the most accurate mental models [181,278], but can also lead to
higher cognitive load [69,167,181]. Moreover, when explanations are highly detailed,
users may struggle to process all available information within their cognitive limits. As
a result, they may rely on cognitive shortcuts [310], such as accepting explanation
material without critical reflection or selectively focusing on details that confirm their
pre-existing beliefs (i.e., confirmation bias [168]), contributing to overreliance [50,247].
Excessive detail can also lead to false beliefs about the system’s accuracy [293]. These
mixed results indicate a lack of clear guidelines on how much detail to include in

explanations.
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As discussed in Section 2.1, prior work on explanations is mostly algorithm-centered,
and consequently, studies on information depth have largely focused on algorithm-
centered explanations. By contrast, the training dataset explanations we study are
descriptive accounts of the data used to train Al systems. Given this difference, it is
unclear whether existing findings regarding information depth will generalize to this
setting. We address this by comparing two levels of information depth and examining

how they affect users’ understanding and use of training dataset explanations.

2.3.3. Summary

This section highlights presentation style and information depth as two key factors that
shape users’ comprehension of explanations and their understanding of Al systems. It
also demonstrates that much of the empirical evidence on these factors, particularly on
information depth, comes from algorithm-centered explanations, leaving open questions
about how presentation style and information depth should be designed for training

dataset explanations.

2.4. Diversity and Assessment of Users’ Al Literacy

We begin this section by discussing the diversity of users’ Al understanding and
experiences, and highlighting the importance of developing validated instruments for
assessing Al literacy that can support equitable, effective, and user-centered Al design
and evaluation. Next, we review existing assessment tools for users’ Al literacy, noting

their strengths and limitations.
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2.4.1. Diversity in Users’ Al Literacy

The users of XAI systems are very diverse in that they encompass individuals with
varying goals, responsibilities, and understanding of AI [27,91,256]. This diversity implies
that users’ explanation needs, expectations, and interpretations can differ substantially
[16,288]. For example, users with formal Al training may focus on model logic and data
provenance, while others without technical backgrounds may prioritize clarity, fairness,
or decision justifiability [105]. Even within non-expert groups, prior work shows that
professional background influences how people perceive and use explanations

[31,155,234,283].

In the context of training dataset explanations, prior work suggests that participants
who had formal training in Al perceived the explanation differently than people without
a CS/Engineering background [8]. While prior studies also discussed the importance of
considering the impact of users’ Al knowledge and background on their interaction with
Al explanations [105], the field still lacks systematic understanding of how users’ Al
literacy shape users’ comprehension, trust, and critical engagement with Al systems and

how explanations can support their engagement.

2.4.2. Application for Reliable Assessment Tools for AI Literacy

Given the diversity in users’ Al literacy, reliable assessment is essential for both research
and practice [188,207]. Such measurement can enable researchers to capture the diversity
of users’ knowledge [207], compare Al understanding across different populations and
usage contexts [105], and evaluate the effectiveness of Al literacy interventions [18,220].
Reliable assessment also supports identifying equity concerns in technology and

interaction design [156]. For example, users with limited exposure to Al technologies or
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lower digital literacy may be underserved by Al-driven systems [312,338]. Without
validated tools, such disparities may go undetected as the gaps remain invisible to
researchers and practitioners. Reliable assessment makes such inequities visible,

supporting the efforts to design equitable and inclusive technologies [188].

The need for reliable assessment also extends to XAI and broader human-Al
interaction [1,2]. For example, prior work suggests that user-facing explanations may be
more effective when they account for users’ prior knowledge and mental models
[38,96,181], which in turn requires reliable measurement [124,162]. Beyond research and
design, reliable assessments can also support a wide range of practical applications
[60,285]. For example, in educational and onboarding contexts, they can help identify
knowledge gaps [338], guide the design of scaffolding strategies, and monitor users’
progress over time. Our work contributes to these initiatives through a validated

instrument that can enable researchers and practitioners to assess users’ Al literacy.

2.4.3. Existing Tools for Assessing Users’ Al Literacy

To support growing calls for validated tools to assess users’ Al literacy [60,172,199],
researchers have investigated a wide range of instruments. These include informal
collections of questions on Al knowledge and experiences [8,105,231,338], self-report
questionnaires [60,187,229,252,323], and structured knowledge tests such as quizzes and

multiple-choice assessments [74,147,290,329,339].

Informal instruments range from single-item questions about prior Al experiences
[8,231] to a collection of questions about experiences and beliefs [105,338]. Such proxies

offer several practical advantages as they are quick to administer and impose minimal
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cognitive load on respondents, making them particularly useful in exploratory research,
and large-scale surveys. However, while such measures can provide surface-level insights
into users’ familiarity with AI [8,105], they may not accurately reflect actual

understanding or Al literacy.

Lintner’s systematic review of Al literacy (i.e., ability to understand, interact with,
and critically evaluate Al systems and Al outputs [207,228]) instruments found that most
existing instruments rely on self-assessment [199]. However, these instruments vary both
in the specific aspects of Al literacy dimensions they focus on and the populations they
are designed for. Some focus on cognitive and ethical aspects such as awareness, usage,
evaluation, and ethics [323], while others emphasize integrating psychological constructs
such as self-efficacy and self-management [60]. In terms of target population, certain
instruments were designed to assess students’ Al literacy development [229], while
others are targeted to non-experts more broadly [187] or for workplace settings [252].
While self-assessment instruments are particularly useful for capturing users’ confidence
and perceived understanding, these instruments also face well-documented challenges,
including response clustering [9], ceiling effects [65], and susceptibility to biases like

overconfidence and miscalibration [102,178,285].

To address these challenges, researchers have also developed knowledge-based
assessments. For example, Hornberger et al. created a multiple-choice questionnaire
(MCQ) to evaluate university students’ Al literacy [147]. Other MCQ-based instruments
have been created for middle school learners, targeting age-appropriate knowledge and
comprehension of Al principles [75,339]. A true/false test has also been created to assess

practical Al-related skills among adult learners [290]. While these tools provide more
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grounded evaluations of factual knowledge, they often focus on technical knowledge or
skills and are typically tailored to educational settings or student populations. As a result,
they tend not to capture the broader sociotechnical and ethical aspects of Al literacy, and

their applicability to non-student populations remains underexplored.

Prior work across various contexts (e.g., student performance [229], workplace
decision-making [252]) has shown that self-assessments and objective knowledge tests
are often weakly correlated [100,215]. When used together, self-assessment and objective
approaches can offer complementary perspectives [100,287], with the former capturing
confidence and perception, and the latter evaluating factual understanding. Combined
assessments can also enable the detection of miscalibration, which is the discrepancy
between perceived and actual knowledge [157,240], commonly associated with the
Dunning-Kruger effect [178]. Despite these advantages, there is a lack of instruments
that integrate both perspectives into a single, validated scale to assess users’ Al literacy.
We address this gap by developing and validating a unified scale that assesses Al literacy
through both self-reported and demonstrated measures. Our work can support diagnostic
insight into how people’s self-perceived understanding relate to their demonstrated

understanding [178], while also expanding the breadth of Al literacy assessment.

2.4.4. Summary

This section demonstrates that users vary widely in their Al literacy and outlines why
reliable assessment of Al literacy is important for research and design. It also highlights
the limitations of existing tools including narrow scope and heavy reliance on self-
assessment, which constrain their usefulness for designing and studying XAI systems.

These gaps motivate the dual-format assessment tool developed in this dissertation,
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which combines self-assessed and demonstrated AI understanding in a single,

psychometrically validated scale.

2.5. Summary of Related Work

This chapter situates the dissertation within the broader landscape of explainable Al and
highlights several open challenges that motivate the research presented in this
dissertation. First, although explanations are widely studied as mechanisms to support
human-AI collaboration, most work focuses on algorithm-centered explanations, with
comparatively limited attention to data-centric transparency. Consequently, there is
limited understanding of how training dataset information is communicated to users,
despite its importance for interpreting and assessing Al systems. Second, prior work
demonstrates that explanation design influences users’ understanding, trust, and
decision-making, yet findings remain mixed and often context-dependent. In particular,
design factors such as presentation style and information depth have been examined
primarily in the context of algorithm-centered explanations, leaving open questions
about their role in shaping users’ interpretation and use of training dataset explanations.
These considerations motivate the empirical studies presented in Chapters 3 and 4, which
examine how explanation design choices affect users’ understanding and assessment of
Al systems. Third, the literature highlights diversity in users’ Al knowledge and
experiences, as well as how this diversity may impact explanation effectiveness. However,
understanding these differences has been limited by the lack of robust and validated
instruments for assessing Al literacy. This limitation motivates Chapter 5, which
develops and validates a dual-format AI literacy scale designed to support more

systematic investigation of user-level differences.
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Investigating Users’ Usage of Training Dataset

Explanations and Impact of Presentation Style

A growing body of research suggests that presentation choices in explanations shape
how wusers interpret, comprehend, and ultimately apply those explanations
[36,72,181,270,302]. Much of this work, however, focuses on the influence of presentation
styles on subjective perceptions (e.g., clarity, trustworthiness, or user engagement)
[36,270,302], while paying limited attention to how presentation affects comprehension,
and what users actually do with explanations. This is especially true for training dataset
explanations [8], which communicate information about the dataset used to train a
system, such as its collection, composition, and properties. Understanding how
presentation styles impact comprehension and users’ ability to apply what they learn
from explanations is critical for designing explanation interfaces that support effective
human-AI collaboration. The same content may either support meaningful use or leave

users uncertain, depending on how it is presented [36,90]. The question, therefore, is not
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only whether presentation style matters, but also how it matters and what implications

it has for users’ understanding and use of explanations.

In this chapter, we examine the role of presentation style in supporting users’ usage
and comprehension of training dataset explanations and how this, in turn, influences
their perceptions of the system that provides the explanations. We compare two
contrasting approaches: a narrative-driven Data Story which presents training dataset
explanations as a cohesive story, and a structured Q&A approach that organizes the same
information as answers to specific questions. While both formats convey the same
underlying information, they differ in how they present the information and support user

navigation through it. Accordingly, we address the following research questions.

1) How does presentation style affect users’ information usage and comprehension
of training dataset explanations?
2) How does presentation style impact users’ perceived trust, fairness, and

understanding of the system?

To answer these questions, we conducted a user study where we asked participants
to critique an automated hiring system based on one of the two presentation styles (Data
Story, Q&A) for the training dataset explanation. We analyzed their critique to
understand their usage of information, and we examined their subjective impressions of
the system to understand how the task of critiquing influenced their perceived

understanding, trust, and fairness of the system.

In this chapter, we first introduce the two presentation styles and how they were

used to convey the training dataset explanations. We then describe the study and present
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key findings. This study was presented at the 2024 IEEE VL/HCC conference and

published in its proceedings [9].

3.1. Presentation Style Selection

We chose two different presentation formats to present training dataset explanations.
One of these was a Q&A-based approach, which has been used in prior work regarding
training dataset explanations and reflects an established structure for presenting such
information [8,127]. The Q&A-based approach offers modularity and familiarity,
allowing users to quickly locate specific information and engage with the explanation in

a direct manner.

As a contrasting format to the Q&A-based approach, we selected a storytelling-based
presentation. Our motivation to include such an approach was twofold. First, we aimed
to explore a design choice that diverges from the Q&A approach, rather than iterating
solely on its variations. This allowed us to avoid converging on a local design minimum
[51] and instead examine how a distinctly different format might shape users’
interpretation and use of training dataset explanations. Second, we considered
storytelling’s potential as an explanatory medium. Stories are a fundamental part of
human experience [164]. They have long been used to help people make sense of their
environment, experiences, ideas, and to communicate with others to create a shared
understanding [335]. Storytelling can attract and sustain the interest of audiences and
enable them to make meaningful connections [99]. The narrative aspect of stories can
create a situated understanding [269], which helps make them accessible to [87] and

engaging for a diverse audience [280].
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We therefore compare Q&A and storytelling to isolate the role of presentation style
in users’ understanding of training dataset explanations and their assessment of an Al

system.

3.2. Using Data Storytelling in Training Dataset Explanations

Data storytelling refers to the practice of communicating insights from data through a
combination of data, narratives, and visuals arranged in a structured way [189]. The
products of this process are data stories, which are backed by facts and supporting
visualizations [189]. The goal of a data story can vary from informing, educating,
entertaining, and explaining, to persuading the audience [164,189]. Data stories engage
the audience by reflecting and promoting a point of view through a narrative, which is

considered as an integral part of storytelling [298].

There are several potential benefits of using storytelling as a medium for
communicating new information [131]. Stories are an effective way to engage the
audience as they make people experience the information instead of just consuming it
[304]. Narratives and storytelling have been used to communicate a range of scholarly
information (e.g., cognitive science [45], healthcare [98,130,138], statistics [250]), with
prior work finding that narratives are more engaging and easier to comprehend than
traditional scientific communication [45,130]. This is particularly true for non-expert
audiences who are already accustomed to narrative formats of communication in the

daily life (e.g., mass media, news, interpersonal conversations) [87].

Information about the training data is a central component of training dataset

explanations [8], where the primary goal is to increase system transparency by informing
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the user about the formation of training datasets and the training process. The similarities
in components, and shared goals of explaining and informing people about data suggest
that presenting training dataset explanations as data stories could help create

explanations that are educational and reflective.

Below we describe how we constructed our data story to present training dataset
information. It is important to note that there are many ways to approach data
storytelling. Rather than aiming to optimize the data story for effectiveness, our goal was
to construct a reasonable starting point that would allow us to explore how a narrative
format might impact how users experience and use the explanation content, and how this

compares to the Q&A format proposed in prior work [8].

3.2.1. Designing the Data Story Format

To design a data story for presenting training dataset explanations, we built upon prior
work on data-centric explanation approaches [8] that introduced a Q&A-based format
for communicating training dataset information. This Q&A explanation was designed to
operationalize the dataset documentation framework proposed by Gebru et al. [127] and
presents key information on aspects of the training data and process as answers to
specific questions, including: Collection (the collection process, data sources, and pre-
processing of the data); Demographics (the demographic distribution of the data
instances); Recommended Usage (list of recommended use cases for the data); Potential
Issues (issues and considerations related to the dataset); and General Information
(overview information about the dataset including release date, history of usage, and

updates).
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In developing the Data Story to present the above training dataset information, we
first identified common data story patterns and components from the literature
[164,189,239,280]. This literature suggests that most good data stories are designed with
the goal of informing, persuading, or explaining to the audience [189,239]. The narrative
in a data story can vary from having a linear path with no interactivity (author-driven),
to a non-linear path with a high level of interactivity (reader-driven), to a hybrid
approach. Further, most data stories use annotated graphs and visualizations to convey

information.

We decided to have our Data Story follow an author-driven narrative style since prior
work has described author-driven narratives as explanatory [307,317] and best suited for
efficient communication [280]. A disadvantage of an author-driven narrative is that
readers cannot ask their own questions about the data [307]. Reader-driven narratives,
on the other hand, are more exploratory, but can also require greater literacy about
visualizations and the presented topic, as well as greater time and effort to consume [307].
We used a textual narrative interspersed with supporting visualizations. We aimed to
remain neutral with communication to allow the audience to draw their own conclusions
about the data and system. We guided the reader in the story through scrolling and used
annotations to direct readers’ attention to aspects that are crucial in the visualizations

present in the story.
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Our Data story began by communicating the goals of the explanation to the reader to
set an expectation of what information would be presented. Figure 1 provides a snippet

of how our Data Story began with the context and overview.

Following industry trends, Company “A” is planning to use an automated system based on
machine-learning algorithms to inform their hiring decisions.

To train their system (i.e., to teach the system to properly interpret data and learn from it), they
used an internal company dataset. We looked at the documentation provided for the dataset and
using that knowledge, we can talk about the important properties of the dataset. We discuss the
types of data the dataset contains, the individuals in the data, and how the data was collected,
processed, and have been used till now.

Figure 1: Setting up the context and overview in the Data Story

We used annotated images and visualizations based on the findings that these
elements help comprehension and navigation [29,118,164,239,280,328]. For example,
Figure 2 depicts the different visualizations used to present demographic information.
We also complemented the textual information with slideshows of infographics in some
cases as prior work has found that repetition can help emphasize importance [21]. For
example, when describing how data was pre-processed, the Data story first uses a block
of text, which is accompanied by a slideshow of infographics and annotations. Figure 3
provides a snippet from a slideshow. The detailed slideshow can be found in the appendix

(Appendix A.1).
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Figure 2: Visualizations used to present different demographic information in the Data Story.
(A) shows the gender distribution, (B) shows the age distribution, (C) shows the ethnicity
distribution, and (D) shows the country distribution. The visualizations were accompanied by
text annotations that highlighted takeaway information. For example, the accompanied
annotation in (A) described that “Among the applicants, 60% are men. The other 40% are
women (37%) and non-binary (3%) people”.

A

Education

Among the stored attributes, educational qualifications were converted into a single scale for
better comparisons. Numerical values were used to represent prior experiences.

Figure 3: An example of a slideshow accompanying textual information blocks in the Data
Story: using infographics to depict the data pre-processing stage.

32



Investigating Impact of Presentation Style

While our design followed an author-driven structure, we incorporated some local
interactivity (e.g., responsive figures and tooltips) to enhance user engagement without
increasing complexity. For example, as depicted in Figure 4, the explanation interface
provides more information on different data attributes upon hover. This local
interactivity allowed users to explore details selectively while remaining guided by the
narrative flow [280]. A complete version of our Data Story can be found in the appendix

(Appendix A.1).

Education

Academic
qualifications and

performance

Figure 4: An example of local interactivity in the Data Story: hovering on an image provides a
tooltip on the attributes of applicants in the dataset.

3.3. Designing Q&A-based Training Dataset Explanation

We designed the Q&A-based presentation for our training dataset explanation, following
the approach previously explored in the literature [8]. The Q&A-based interface is
depicted in Figure 5. It presents the same underlying facts about the dataset and training
process as the Data Story but organizes the information as answers to specific questions.
We, however, chose to omit the “Potential Issues” category from the explanation [8] for
the fear that the category name would lead study participants to overemphasize the
information in their critique. It should be noted that we also excluded the same

underlying facts from the Data Story.
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The dataset contains data from resumes of 17562 applicants. For each applicant, the dataset contains
information about 15 attributes. This includes attributes like - Education, Experience, Skills, Age, and
References.

Who collected the data? >
What was the data collection process? >
What tools were used in data collection? >
Was any pre-processing done on the data? >
How were the data labeled? >
Any other comments? >

T T 1 o " Information on gender, ethnicity, age, and country

A emographics _—— -

distribution of the instances )

sl

85 m Recommended Usage List of recommended use cases for the dataset >

o General Information Overview information about the dataset )

Figure 5: Overview of the Q&A-based presentation for training dataset explanation [8].
Information about the training data is presented as answers to specific questions, which are
organized according to four categories (Collection, Demographics, Recommended Usage and

General Information).

The explanation interfaces were developed using HTML, CSS, and JavaScript. The

complete explanations are provided in the appendix (Appendix A.1 and Appendix A.2).
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3.4. Study

To investigate how presentation style influences users’ comprehension and use of
training dataset explanations, we conducted a user study where we asked participants to
use either the Data Story explanation or the Q&A explanation to critique an automated
hiring system. We aimed to observe what information participants use in their critiques,
how they comprehend the presented information, and how presentation style impacts

how participants use or perceive the information.

3.4.1. Participants

We aimed to include a diverse sample of participants in terms of AI/ML experiences (e.g.,
ranging from having no formal training or experience with ML to working with machine
learning in a professional or academic capacity). Therefore, we recruited participants by
posting advertisements throughout a university campus, on different online platforms
(e.g., Twitter, LinkedIn), and through snowball sampling (see Appendix A.3 for the
recruitment poster). We recruited 42 participants, of which we excluded two participants
who did not complete the full study and one participant who relied on Machine
translation software for all instructions and text in the explanation. This left us with 39
participants (21 men, 17 women, and 1 non-binary). Our number of participants was
influenced by several considerations including data saturation and having a manageable
volume of data for qualitative analysis [56]. This number of participants is also in line
with other studies on explanations with qualitative data as a focal point of the analysis
(e.g., [71,103,165,184,195,197]). Among our participants, 23 were from a CS / Engineering
background, and 16 were from a non-CS / Engineering background. In terms of

experience with ML and Al, 30 participants did not have any formal training (i.e.,
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academic or professional experience) with ML and Al, while 9 did. We also administered
an Al literacy scale [323], which consists of twelve 7-point Likert items that cover four
core constructs of Al literacy: awareness, usage, evaluation, and ethics. The mean Al
literacy score for our participant pool was 4.74 (SD = 0.93) on a scale of 7. The

demographics and background questions can be found in the appendix (Appendix A.4).

3.4.2. Study Design and Explanations

Our study employed a between-subjects design with Presentation Style as the
independent variable. We had two Presentation Styles: Data Story and Q&A Interface.
The design process of both Presentation styles is outlined in Section 3.2 and Section 3.3
respectively. We followed a random assignment of participants to interfaces. After
excluding the three participants (two in the Data Story interface, one in the Q&A
interface) as described above, our sample included 19 participants in the Data Story

interface and 20 in the Q&A-based interface.

3.4.3. Scenario, Task, and Explanation Content

Our study followed a scenario-based approach where we asked participants to use one of
the explanation interfaces to critique a fictitious system. Participants were presented with
the scenario of an automated hiring system that can shortlist candidates for a company.
Hiring system scenarios have been used many times in the XAI literature (e.g., for
studying explanations [174], algorithmic trust and fairness [191], and Al ethics [113]).
We also chose the hiring domain for its familiarity and importance to a diverse set of

people (to ensure access to a broad pool of potential participants).
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With the above scenario in mind, participants were asked to imagine that they work
in the HR department of a company and that they have been tasked with recommending
whether to purchase the system after reading through the training dataset explanation.
To inform this decision, participants were asked to use their assigned explanation
interface to critique the training data/process and the system. To scaffold and guide
participant critiques, we asked them to perform a type of SWOT (Strength, Weakness,
Opportunity, Threat) analysis [140], a widely used analytical tool for evaluating
organizations, projects, and activities. SWOT is recognized as a valuable decision-making
tool for its ability to help people develop a full awareness of the factors involved in
making strategic decisions [35]. The use of SWOT analysis in our context was further
motivated by the fact that it does not require extensive training or technical skills and
that it helps users organize information and stay engaged [334]. We gave participants the

following SWOT definitions:

Strengths (S) — Things that are done well in the data/system

Weaknesses (W) — The lacking and flaws that exist in the data/system

Opportunities (O) — Potential ways to improve the data/system

Threats (T) — Elements that could introduce flaws in the data/system

To give participants a sense of critique scope and to encourage participants to
consider both negatives and positives, we asked them to try to identify around 10 total
strengths, weaknesses, opportunities, or threats and to try to cover each category. We
did not impose a strict requirement for the number of comments as we wanted

participants to critique the system based on the strengths and weaknesses they saw as
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opposed to working to meet a quota. We also added a “General comments” category in
case participants had comments that they did not feel belonged to one of the SWOT

categories as defined above.

We populated the explanation interfaces with information about a fictitious hiring
dataset that was used to train the hiring system. We generated the information based on
studies of existing hiring and resume datasets on Kaggle [347]. We ensured that the
fictitious dataset and training process included a mix of positives and negatives. The

detailed scenario can be found in the appendix (Appendix A.5).

3.4.4. Study Procedure

Our study sessions were conducted either in-person (20 participants) or remotely (19
participants) based on participants’ preferences. The in-person sessions were conducted
in a research lab, whereas the online sessions were conducted over Zoom. We leveraged
both settings to broaden the participant pool. I was physically present in the lab for the
in-person sessions or on Zoom for the online sessions in case participants needed any
help. In both cases, I provided help only when a participant made an explicit request (e.g.,
requesting clarification about the study task or the scenario). Other than participant

location, all the other components of the study were identical, including the data collected.

After introducing the study and obtaining informed consent (Appendix A.6), I asked
participants to complete a background questionnaire (Appendix A.4) that collected
information on participants’ demographics, AI/ML training, and Al literacy. After
completing the questionnaire, I introduced the participant to the SWOT analysis and a

feedback collection tool (Userback) [346] that allowed them to annotate parts of the
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interface and provide SWOT comments. Participants were then presented with the hiring
scenario described in Section 3.4.3 and one of the explanation interfaces. Participants
were asked to complete the SWOT analysis based on the information in the explanation

interface.

After participants interacted with their assigned explanation interface, I asked them
to complete a post-study questionnaire (Appendix A.7) containing Likert-scale questions
targeting the participant’s trust in the system, their perception of fairness, and the degree
to which they understood the explanation and felt that they learned about ML. I
concluded the study session with a semi-structured interview with each participant to
get more detailed insights into their general attitudes towards Al and ML systems, and
their perceptions of and interactions with the explanation. The semi-structured interview

session was audio recorded and later transcribed for data analysis.

The study sessions lasted 90 minutes on average. Participants were compensated with
$25, which was greater than the minimum hourly wage. The study was approved by
University of Manitoba's Research Ethics Board. The approval can be found in the

appendix (Appendix A.8 and Appendix A.9).

3.4.5. Data Collection and Analysis

We collected participants’ SWOT analysis comments using the Userback tool (see above).
We also collected data on how participants felt about the data, the system, and the
explanation through a self-reported Likert-scale based post-study questionnaire. Finally,
we collected qualitative data from the semi-structured interview sessions with

participants, which we audio recorded in both the in-person and online sessions.
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My advisor and I were involved in analyzing the SWOT comments. I first iteratively
coded [294] the SWOT comments. My advisor and I then discussed the coded data over
multiple meetings to reach an agreement on the codes. We used ANCOVA (Analysis of
Covariance) to compare aspects of coded SWOT comments with Presentation Style as a
between-subjects factor with two levels and participants’ Al literacy score as a covariate.
We included AI literacy as a covariate given prior work suggesting that people with
differing levels of Al knowledge might perceive the explanations differently [8,155,302].
We ran Pearson’s chi-squared test to compare the categorical distributions. We used p
= .05 as the threshold for statistical significance. We reported results with p-values
between 0.05 and 0.1 as indication of trend. This approach follows conventions in

exploratory research, particularly in studies with limited sample sizes [125,305].

To analyze the Likert-scale data from the post-study questionnaire, we used Quade’s
non-parametric ANCOVA with Presentation Style as a between-subjects factor with two

levels and Al literacy as the covariate.

We did a thematic analysis [41] of participants’ quotes from the interview transcripts.
I initially coded the transcripts using an open coding scheme. My advisor and I then

collaboratively looked for themes in the coded data over several iterations.

Following guidelines on qualitative analysis in HCI research [217], we did not
calculate Inter-rater Reliability score for any of our qualitative data coding processes
(SWOT comments, interview data) as the primary goal of the coding process was to yield

the concepts rather than reach an agreement.
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3.5. Results

We first present our results from participants’ SWOT analysis, where they critiqued the
system based on the training dataset explanation. We present results on what
components they focused on in their critique, how they comprehended the presented
information, how accurate the critiques were, and how Presentation Style impacted these
measures. We further discuss how Presentation Style impacted participants’ subjective
impressions of the system and the explanations. Finally, we present some additional
insights from our interviews. In presenting our results, we refer to the Data Story

presentation as “Story” and the Q&A-based presentation as “Q&A” for the sake of brevity.

3.5.1. Analysis of Participants’ Critiques from the SWOT Data

We analyzed participants’ critiques to see how they used the information presented in
the explanation to assess the hiring system. Participants provided a total of 352 comments
as part of their SWOT analysis, consisting of a range of feedback on the system, the data
used to train the system, the explanation itself, and the high-level process of the study.
In our analysis, we focused only on comments that discuss the system and/or its training
(including the data and process). Of the 352 comments, 203 met these criteria (102 with
the Story and 101 with the Q&A), including one comment that we split into two as it was

covering two separate points.

To get an understanding of participants’ critique volume, we begin by describing their
number of provided comments as well as the comment length. All but 4 of the 39
participants (2 in the Story and 2 in the Q&A) contributed at least one comment about

the data or system indicating that most participants tried to use the explanations to
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critique the system at least minimally. On average, each participant provided 5.37
comments with the Story (SD = 3.74) and 5.05 comments with the Q&A (SD = 2.91), a
difference that was not significant (Fi,3¢ = .113, p = .738). However, there was a trend (F1,36
=3.769, p = .060) suggesting that participants left longer comments with the Story (mean
26.28 words, SD = 15.14) than with the Q&A (mean 17.28 words, SD = 10.55). Interestingly,
participants’ comment verbosity appeared to match the style of the explanation interface
they saw in that the Story interface contained 32% more words (total = 847) than the Q&A

interface (total = 613).

Coverage of Explanations Topics in Participants’ Critiques
To get a sense of participants’ usage of the presented information, we looked at the
coverage of explanation content in their critique. To do so, first, we coded the SWOT
comments according to the topic (e.g., dataset collection, demographics, data pre-
processing). We were interested in whether participants tended to focus on only specific,
potentially more accessible parts of the explanations, or if they provided more
comprehensive critiques. Figure 6 illustrates the distribution of the discussion topics
discussed in the SWOT comments according to Presentation Style and Table 1 provides

some illustrative examples of the topics discussed by the participants.
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Figure 6: Coverage of explanation topics in the SWOT analysis comments according to
Presentation Style.

At a group level, all the topics present in the explanations were covered in the
critiques to at least some extent, however, on an individual level, most participants
covered only a subset. On a per-participant basis, the mean number of different topics
covered was slightly higher with the Q&A (mean 3.2, SD = 1.57) than with the Story

(mean 2.84, SD = 1.77); however, the difference was not significant (Fy 36 = .449, p = .507).

While presentation style did not impact the number of different topics covered, it did
impact the distribution of topics covered in participants’ critiques (y? (5, N = 203) = 14.136,
p =.015). In examining the differences in distributions, participants in the Story interface
tended to focus more on the Demographics and information on the Instances of the data
(e.g., available attributes, data labels), whereas in the Q&A, participants focused more on
Dataset Overview information (e.g., dataset size, recommended usage, timeframe of data).
When presenting information on Instances of Data, the Story used more visuals and

interactivity than the Q&A, which might explain why participants focused more on these
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topics in their comments. For the Dataset Overview information, both interfaces used
plain text, however, the Story used a narrative whereas the Q&A provided increased
structure by separating the information into answers to different questions. This
additional structure might have helped participants in the Q&A use the information as
part of their critiques. Participants also mentioned the benefit of the additional structure

in the post-session interview.

Table 1: Example comments for each explanation topic discussed by participants in the SWOT

analysis.
Discussion Topic Comments Provided by Participants
Data The assumption that any blank data points are average [ falking about

handling missing values with averages]is a dangerous assumption. It
can lead to impossible information and may lead to some issues when it
comes to real world implementation. (P5, Story)

Pre-processing

Demographics Likely would be considered discriminatory and illegal to use [age]
information in a hiring decision, especially to narrow down candidates.
(P13, Story)

Dataset Overview Unless the data is updated there is a chance that [the dataset] could
become outdated and not reflect current trends. (P30, O&A)

Data Instances I think this is a pretty decent number of metrics used [talking about the
number of attributes]. 1 was expecting less, so 15 should make it better.
(P33, Story)

Data Collection Are we taking into account the bias associated with data collection by
an internal committee member? (P10, O&A)

Identifying Strengths, Problems, and Biases in Participants’ Critiques
We also looked at whether participants were able to identify strengths, problems, and
biases in the system. In designing the explanations, we tried to ensure that they covered
both potentially positive aspects of the training data (e.g., size of the dataset,

recommended usage) and aspects that were potentially more negative (e.g., how some of
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the data pre-processing was done). In the SWOT analysis, participants identified
strengths, weaknesses, opportunities, and threats separately, but we grouped the last
three categories together as potential problems since all comments in these categories

discussed flaws that already exist or could arise in the system.

Of the filtered 203 SWOT comments, 70 pertained to strengths, and 133 to potential
problems or weaknesses. Having a higher number of weaknesses was expected as
participants were encouraged to provide at least one comment in each category, and they
used the three of the categories to describe problems or weaknesses. While the
percentage of comments that were positive was higher with the Q&A interface (39%) than
with the Data Story (30%), the difference between the two distributions was not

statistically significant (y? (1, N=203) = 1.518, p = .218).

To get further insights into participants’ understanding of the information, we
analyzed whether participants identified any potential biases. Using types of data biases
as described by Mehrabi et al. [218], we additionally labeled the 133 SWOT comments
that pertained to problems in terms of whether they were explicitly talking about a bias
or discrimination in the system. We found that 53 comments (39.8% of the overall
problems identified) pertained to five different data biases: Representation Biases (biases
arising from how Populations are sampled); Measurement Biases (biases arising from the
measurement and choice of features); Selection Biases (biases arising from a non-random
sampling of subgroups); Temporal Biases (biases arising from the differences between
populations over time); and Historical Biases (biases that already exist in the data even
given a perfect sampling and feature selection). Figure 7 provides a breakdown of the

biases identified for each Presentation Style and Table 2 provides examples.
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Figure 7: Type of biases identified by participants for each Presentation Style

Participants identified 30 potential biases using the Story (14/19 participants
identified at least one bias) and 23 biases using the Q&A (13/20 identified at least one
bias). We found a statistically significant difference between the distribution of biases
identified in the two interfaces (y?(4, N = 53) = 10.555, p = .032), which indicates that the

presentation Styles impacted the nature of the topics and biases discussed in the critiques.

Looking at the distributions in Figure 7, we see that Representation Biases (in terms of
different demographic variables like gender, age, ethnicity, and country) were the most
identified bias by the participants. Participants seemed to identify the Representation
Biases from the presented Demographic information. In both interfaces, all the
demographic information was presented using the same visuals. However, the Story
presented the information as part of a narrative, whereas the Q&A presented the

information as answers to individual questions, requiring more interface operations to
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access the same information (i.e., to view the answer to each question). This potentially
explains why participants identified more Representation Biases in the Story interface.
Participants in the Story also identified more Measurement Biases, whereas participants
in the Q&A identified more Temporal Biases. In the Story interface, the pre-processing
information was presented with complementary visuals and infographics, which might
have helped with comprehension. However, the Story presented the temporal
information as part of transitions in the narrative, which might have de-emphasized this
information compared to the other presented information, and hence participants

identified fewer Temporal Biases in the Story.

Table 2: Examples of biases identified by participants in their SWOT comments.

Bias Type Comments Provided by Participants

Representation | System may learn false 'preference’ of applicants who are men instead due to
Bias the bias in training set. (P3, Story)

Measurement In the education attribute, the system may have learnt to prefer candidates
Bias with a high GPA. However, if an applicant's prior education did not use the

GPA metric, it may cause an unfair averaging or rejection. (P36, Q&A)

Selection Bias Because the sample will be primarily representative of similar phrasing or
shared background, the program later might be discovered unable to cope
with more varied information. (P27, Story)

Temporal Bias This data is ‘time-stamped’. Meaning it has been trained on resumes that are
of a specific time frame. What about knowledge and experience by those
that have worked before 2016. Say someone that had their training
completed in 2005? (P16, QKA)

Historical Bias [Using previous hiring decision] means that the system is learning and could
reproduce the biases of the hiring team at the company, which could skew
the Al system to not necessarily return the objective best applicants, just the

applicants that [the] group of hiring people liked. (P31, Story)
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Critique Accuracy
We were further interested in whether participants’ comments contained relatively
accurate critiques of the system or alternatively pointed to aspects of the explanations
that participants did not seem to understand. To this end, we coded the comments
according to three rough accuracy levels: High understanding, Somewhat accurate with
misconceptions, and Inaccurate. Table 3 provides some illustrative examples along with a
discussion of aspects of the information that was or was not well understood. We found
that 54% (109/203) of the comments fell into the category of High understanding, 41%
(83/203) comments were coded as Somewhat accurate with misconceptions, and 5% (11/203)
comments were coded as Inaccurate. The fact that only 5% of the comments demonstrated
complete inaccuracy suggests that both Presentation Styles were at least moderately
comprehensible. The difference between the distributions was found to be statistically
significant (y? (2, N = 203) = 12.1937, p = .002), indicating that at the sample population
level, the Story (high understanding: 66%, somewhat accurate: 29%, inaccurate: 5%)
contributed to more accurate critiques than the Q&A (high understanding: 42%,

somewhat accurate: 53%, inaccurate: 6%).
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Table 3: Examples of participants' SWOT comments that demonstrate different types of

critique accuracy.

Discussion Example Interpretation of What
Topic They comprehended
High Ideally you would have the same number of | Participants talked about
understanding representatives for each of the groups [of how the imbalanced
gender]. It's understandable that this is not | distribution of
always possible, but [these imbalances] will | demographics might be
add bias in further steps. (P9, Story) problematic for the system.
Generalizing education and experience to The pre-processing of
single values means that the quality of that | attributes left the
education and experience are totally participant wondering
disregarded. (P30, Q&A) about oversimplification
and how that can be
problematic for the system.
Somewhat [Converting education and experience to Participants saw the pre-
accurate with numbers| seems to be the most unbiased processing step as a positive
misconceptions | part as the applicants can be compared on a | approach while missing the
single scale. (P15, Story) context that this might
result in losing the nuances
of the quality of the
education and experience.
This is a great value of dealing with missing | The participant saw the
values. Otherwise, simply discarding them | step of handling missing
would mean lesser training data. (P10, attributes with average
O&KA) values as a great way to
deal with it while not
considering the fact that the
average values can skew the
results.
Inaccurate [The gender distribution] is almost perfectly | The participant mentioned

balanced. (P12, Q&A)

Improve on dealing with all missing values.
For example, if missing experience
attributes causes data to be deleted from the
dataset, the recommendation algorithm may
automatically reject candidates with no
experience. (P36, Q&A)

the gender distribution was
perfectly balanced, when it
was skewed towards men.

The participant seemed to
mix up the training data
and the hiring system that
would use the data in their
interpretation.
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3.5.2. Impact of Presentation Style on Subjective Impressions

After performing the SWOT analysis, participants completed a questionnaire eliciting
their reactions towards the system and the explanation. As indicated in Table 4, both
explanations were rated highly in terms of understandability, with no significant
difference between the two styles. We also did not see any significant impact of
presentation style on participants’ trust, judgment of fairness, or perception of depth of
explanation between presentation styles. There is, however, a potential trend suggesting
that participants felt that they learned more about how ML and Al work using the Q&A
than when using the Story (Q&A: Mdn = 10.5, IQR = 3.25; Story: Mdn = 8, IQR = 3; Fi 37 =

3.716, p = .062).

Table 4: Median (IQR) values for the Likert-Scale questionnaire data for the two Presentation
Styles. We report the Median and IQR values as we conducted non-parametric tests. We also
provide scale ranges as some measures combine multiple questionnaire items. For every
measure where we combined questionnaire items, we calculated the value for Cronbach’s

alpha and found high internal consistency (all the alpha values were greater than .75).

Scale range = Q&A Story Z Sig
trust 8-56 42.5(105) | 35(10.5) 2.386 131
fairness 4-28 18.5(7.5) | 15(7.5) 2.490 123
understanding the data 3-21 15 (4) 17 (8.5) 0.003 .960
presentation of information 2-14 12 (2.5) 12 (1.5) 0.384 .539
understanding the explanation | 1-7 6 (1.25) 6 (1) 0.790 .380
perception of depth 3-21 16 (4) 15 (8.5) 2.019 164
learning 2-14 10.5(3.25) | 8(3) 3.716 062
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Overall, our findings demonstrated the benefits and drawbacks of each presentation

style and the nuanced ways participants used the presented information in their critiques.

We summarize our key results in Table 5.

Table 5: Summary of the key results from the study.

Dimension

Presentation Style

Explanation Topic Coverage
in Critiques

Identifying Strengths and
Problems

Identifying Biases

Critique Accuracy

Learning about AI/ML

3.5.3. Interview Findings

Participant critiques included more comments on the
Demographics and instance level information in the Data Story,
whereas the attention was more on Dataset overview
information in the Q&A.

Presentation style did not impact the distribution of strengths
and weaknesses identified by participants in their critiques.

Representational and Measurement biases were easier for
participants to identify with the Data Story, whereas Temporal
Biases were easier to identify with the Q&A.

Data Story helped participants create more accurate critiques
than did the Q&A.

A trend suggests participants felt that they learned more about
AI/ML with the Q&A than they did with the Data Story.

The interviews provided additional context to the questionnaire data. We found that

participants, in general, perceived both Presentation Styles to be helpful and informative

for their purpose of critiquing the system, which at least partially explains the lack of

significant results in the questionnaire data. Like prior work [8], the interview data

showed strong perceived benefits of the explanations in that participants felt that the

training dataset explanations helped them develop informed trust in the system and that

such explanations would be particularly important for high-stakes systems. Below we

discuss themes that emerged from this study’s interview data.
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Training Dataset Explanations as Tools for Critiquing and Learning about
Al systems
A large majority of participants reported that training dataset explanations were useful
for critiquing the Al system. The explanations improved their understanding of the data

and the system, which supported more informed decisions.

I had [some understanding] before, but I think I’ve gotten a very clear picture now of
how exactly it goes from the training data set and then, you know, analyzes that and
then it uses that to make decisions. Yeah, I think I've got a much clearer picture of how

it works now. (P30, Q&A)

This also led participants to feel like they had more trust in the system.

It helps me trust the system more knowing kind of how it was designed, and I think it's
good information to have even for someone who doesn't know really Al systems at all.

I think it could help build trust with the system. (P31, Story)

Across both presentation styles, participants stated that the explanations supported
learning. They described gaining a clearer sense of how a system’s training data is
collected, processed, and used to train the system. Participants with prior Al experience,
however, reported limited new learning but still valued the explanations as a refresher of

what they already knew.

In terms of machine learning, from this specific explanation, I don’t think I necessarily
learned anything, but it was a very good refresher for what I had already known, so I

think if you didn’t have a lot of machine learning Al knowledge you would learn a lot.
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This was just a good refresher for me for someone with a bachelor’s degree, which is

good. (P7, Story)

Background and Attitudes to AI/ML Impact Perception of the Presented

Information
To get insights into factors influencing participants’ perceived trust of the hiring system,
during the interviews, we probed into participants’ existing levels of general trust or
distrust of AI/ML. These discussions revealed a potential relationship between general
levels of trust in AI/ML and how participants perceived the explanations. Participants
who expressed that they are generally trustful of Al and ML seemed to look for more
positives in the explanations, whereas participants who generally do not trust AI/ML
tended to focus on identifying problems. Moreover, regardless of the number of strengths
or problems they identified in their critique, their overall impression of the automated
system seemed heavily influenced by their prior beliefs. For example, in the following
quote, a participant who was generally trustful of Al expressed why they trust the system

even though they identified more potential problems than strength.

I am going to trust the system [despite the flaws] because of the results [I see] and the
new [ML] technologies that we see daily. [I] trust on the instincts of bigger companies
and trusting my intuitions, my hands-on experience with ML and how it works, I

believe [the system] works. You just need to be careful about the data. (P10, Q&A)

On the other hand, the following quote is from a participant who identified several
strengths in the system, but still was skeptical about the system because of their inherent

distrust in Al systems.
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Yeah, I think I would [be in the] distrusting group but it came through the experience.
[...] after learning and discussing different aspects of the challenges and disadvantages
of machine learning models and Al systems, I understood okay, there are still questions

even if they are smart. (P39, Story)

The above examples are potentially connected to confirmation bias, which leads
people to interpret information in a way that is consistent with their existent beliefs and
ignore information that is inconsistent with their beliefs [230]. Confirmation bias has also

been observed in prior work on how people interact with Al explanations [46,260,302].

We further saw indications of the explanations having the most impact on
participants who had a limited familiarity with ML and Al systems. For example, a few
participants mentioned that they would blindly trust the system in the absence of an
explanation, but that their trust was impacted notably after they interacted with the
explanation. For example, in the following quotes, the participant expresses how they

would not question the system had the explanation not been present.

I'think I would say yes to the system in the case [of not having an explanation], because
I would think like, oh gosh, we spend so much time hiring people. Wouldn’t it be nice

if we could filter a bunch of them out through a computer. (P13, Story)

I would have gone with the system without any thinking [if I did not see the
explanation]. I would have bought the system, which is driven by Al because if I don't
have any information [on] what it's doing, I wouldn't care. [Because] anyhow it's

making my life easier. (P22, Q&A)
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This impact of the explanations seemed to be much more subtle for participants with

high familiarity and experience with Al and ML.

Unpacking Users’ Interest Towards more Explanation Depth
The depth of the explanations was informed by pilot feedback and prior work [181]. In
general, the goal was to have the depth at a level where various interested parties could
engage with the explanations, while keeping the explanations accurate and informative.
Both presentation styles were perceived positively and none of the participants described

the information as being difficult to understand or overwhelming.

While most of the participants were happy with the current depth of the explanation,
a few showed interest in more in-depth information for a more comprehensive critique.
Looking at the background/ training, we noticed that almost all of this interest for more
information was coming from participants who were from a CS/Engineering background

or had some prior experience in AL

I definitely will [want] more depth. For example, I didn't know all of the attributes. It
was very important to have all the attributes in this explanation. If someone doesn’t
want to go into that depth, they can skip the explanation, [...] but having all the
attributes there and having detailed information about each of the attributes, I think

was very important. (P21, Story)

This perceived lack of depth of information was related to participants having specific

questions the explanations did not answer:

It did leave me with some questions about certain things. Like it would be great to see

examples of things like when it talks about using averages to fill in missing data, things
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like that would be nice to see examples of, because I think it could go maybe a little bit

deeper as there were some questions that left me with. (P7, Story)

The data was collected by an “internal” committee within the company. What does it
mean? It didn't say anything about how the data should be processed. It says it uses
an "automated" process. What does it mean? What exactly were all the "relevant”

attributes? I need more information on these. (P32, Q&A)

An interesting tension, however, is that most participants focused their critiques on
a subset of the topics covered in the explanations (see Section 3.5.1). Therefore, how to
increase depth to help create more accurate critique without providing an overwhelming
amount of information is an area for future work. For example, one participant suggested

being able to adjust depth on-demand.

I think there could be some sort of level [on] how much information you're putting.
Maybe you will have three different explanations, and you will [present] based on their
[background information]. For example, if I'm a regular user then you will show me
[one] version. [But] if I say I'm a machine learning expert, you will show me more

details. (P39, Story)

3.6. Discussion

Our study investigated how receivers of training dataset explanation use the information
to critique an AI system and how presentation style impacts their usage of the
information. Our findings showed that most participants were able to use the training

dataset explanations to produce relatively accurate, but not necessarily comprehensive,
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critiques of an automated hiring system. Below we elaborate on our findings and discuss

implications for design.

Our findings showed that, at a group level, participants used all the information
presented in the explanation in their critiques. However, at an individual level, each
participant only used a subset, and this subset was influenced by the presentation style
of the explanation. Participants who saw the Data Story covered the demographics and
instance-level information (e.g., attributes, data labels) more in their critiques, whereas
with the Q&A interface, they focused more on the dataset overview information (e.g.,
dataset size, usage of data). We also observed differences between the types of biases
identified in each presentation style. Participants in the Story identified more
Representation Biases and Measurement Biases, whereas participants in the Q&A identified
more Temporal Biases. Examining the nature of these differences, we found that the
emphasis on repetition, visuals, and infographics in the Data Story appeared to direct
user attention, whereas the structured representation directed attention in the Q&A
interface. Finally, we saw initial indications that the Data Story interface might have
helped participants create more accurate critiques, even though we saw a potential trend

that participants felt that they learned more about ML and Al with the Q&A interface.

Our results support existing literature that hybrid explanations (that combine both
textual and visual information) result in greater user comprehension than a visual or
textual explanation [302]. For example, our Data Story explanation provides an explicit
narrative that interspersed text and visuals. The critiques from participants in this
condition contained a greater number of comments that demonstrated an accurate

interpretation of the explanation material. However, some of our findings also contradict
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that literature in that the Data Story explanation might have resulted in a lower
perception of learning about ML and AI in comparison to the Q&A explanation. It is
possible that the enhanced structure of the Q&A contributed to this perception. It is also
important to note that our Q&A was not purely textual - it included some visuals but to

a much lesser extent than the Data Story.

Our interview findings suggest that participants’ inherent trust or distrust in Al
systems might have impacted how they approached the critique (e.g., people who
reported inherent trust in the interview seemed to focus more on the strengths compared
to participants who did not). More surprisingly, however, is that some participants with
inherent trust seemed to feel positively about the system even when their own critique
identified more problems than strengths. This suggests that the explanation was not

strong enough to combat participants’ confirmation bias.

To help combat participants’ confirmation bias, it would be interesting to investigate
cognitive forcing functions [185] as a tool. Prior work has demonstrated the benefits of
introducing cognitive forcing functions in explanations to reduce overreliance [47] or to
minimize cognitive biases (which include confirmation bias) [241]. It would be interesting
to investigate whether similar mechanisms could be used selectively within longer-
format explanations for content that is not naturally drawing users’ attention and how
different presentation styles can support the process. For example, with the Data Story
format, one approach could be to slow down the reveal of new information to allow the
readers to reflect on the information they already have viewed. Another approach could
be to include persuasive communication techniques within the explanation. While we

tried to keep our Data Story as neutral as possible, persuasiveness is generally considered
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to be a data storytelling communication goal [189,239], which could be leveraged within
explanations. In a more negative direction, such persuasion could also potentially be
misused by a designer attempting to convince the user of the merits of an ML system

without also considering its limitations [79].

Apart from a trend indicating that participants thought they had learned more about
AI/ML with the Q&A interface than the Data Story, we saw a limited statistically robust
impact of presentation style on subjective impressions of the system and explanation
content. Our interview data, however, suggested that some participants with a stronger
AI/ML background (e.g., those from CS/Engineering disciplines or with prior AI/ML
experience) wanted more depth and detail to be present in the explanations. Further,
there are indications from the literature that AI knowledge can impact participants’
understanding of an explanation [155,302]. To account for this at least partially, we used
participants’ Al literacy score as a covariate in our analysis, however, we did not include
Al literacy as an explicit factor in our study design. A challenge in doing so is that it
requires effective pre-screening questionnaires since individuals can gain ML / Al
experiences through a range of activities and sources (e.g., formal education, working in
related disciplines, and media). We used a combination of questionnaire items informed
by prior work to characterize our study participants (e.g., educational background [8],
formal AI/ML training/experience [8,105], self-reported Al knowledge [105], and an Al
literacy scale [323]). In examining participant responses, we found that for many
participants, the relationships among these different measures were muddled. For
example, some participants with a non-CS/Engineering background, no formal

experience with AI/ML, and low self-reported knowledge of AI/ML scored highly on the
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Al literacy scale (e.g., over 5.5 out of 7), whereas some participants with prior experience
in AI/ML and moderate self-reported knowledge scored in the mid-range on Al literacy
scale (between 4 to 5). These inconsistencies highlight the difficulty of reliably
characterizing Al literacy, suggesting that future work should refine such measures to

better capture how Al literacy influences explanation utility and comprehension.

Our findings do not point to a clear winner between a Data Story presentation or a
Q&A-based presentation for explanations that target communicating information on
training data but rather point to a range of considerations for designers when selecting a
format. For example, while participants reported high levels of trust and sense of system
fairness with both explanation formats, if the goal of the explanation is to help a user
accurately critique an Al system, a Data Story presentation might be preferable. If the
goal is to give people the sense that they are learning about AI/ML, then the Q&A format
has advantages. Another consideration is the resources required to produce an effective
explanation. Of the two, the Q&A format is likely to take considerably less time to
produce, given that does not require developing a narrative or tailored visualizations, but
rather well-worded, user-centric responses to specific questions. Further, producing good
data stories would benefit from the involvement of people with specific expertise (e.g.,
storytellers, graphic designers), whereas the Q&A format might be more approachable
for those working directly with the training data (e.g., data scientists, data analysts).
Therefore, the choice of a presentation format should depend on the explanation goals

and the resources and expertise available.

Our results also showed that presentation style impacted the information that

participants used in their critiques of the hiring system and the types of biases they
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identified. Looking at the reasons behind these differences, we found that these measures
were influenced by how a particular piece of information was presented in the
explanation (e.g., using text, visuals) and how the explanation supported it. For example,
in the Data Story explanation, the pre-processing information was presented with
complementary visuals and infographics and participants engaged with this information
more in comparison to the Q&A. On the other hand, temporal information was presented
as part of transitions in the narrative, which seemed to have the effect of this information
being de-emphasized in participant critiques. Therefore, regardless of presentation style,
designers can use these properties to prioritize aspects of the training process that they

feel are most important for users.

There are limitations to our approach and findings that warrant discussion and
further investigation. First, our findings might not be applicable to different Al system
scenarios. For example, with lower-stakes systems, users might be less motivated to
engage with the explanation [48]. The characteristics of the training dataset might also
influence the nature of the findings, for example, some training datasets might be more
difficult to describe (e.g., audio recordings or videos), leading to poorer comprehension
than we observed. The types of information provided in the explanation might also
influence the direction of users’ critiques. For example, including a “Potential Issues”
category of information [8] might cause users to focus solely on this information in their
critiques. We also note that we might see more benefits to a Data Story authored by
professional storytellers. Finally, we did not observe significant differences between the
presentation styles for some measures (e.g., the questionnaire items). It is possible that

more significant differences could emerge with a larger sample size.
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3.7. Summary

In this chapter, we examined how the presentation style of training dataset explanations
influences users’ comprehension, usage of information, and perceptions of an automated
hiring system. We compared a narrative-driven Data Story format with a Q&A-based
format from prior work in a laboratory-style study with 39 participants. Our findings
provide insights on how participants used explanation content to critique the system,
and the nuanced ways presentation style shaped participants’ usage of the information,
the accuracy of their critique, and subjective impressions of an automated hiring system.
Our interview findings also provide some insights into how the interpretation of these

explanations can potentially be impacted by confirmation bias.
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Explainability Pitfalls: Investigating the Roles of
Information Depth and Progressive Disclosure for

Training Dataset Explanations

Explanations in Al systems are designed to enhance users’ understanding, inform trust,
and to support appropriate reliance. Consistent with these goals, findings from our first
study (Chapter 3) showed that training dataset explanations helped users critique an Al
system. However, prior work has also demonstrated that explanations can sometimes
create unintended negative consequences that undermine these goals and can harm users,
which they referred to as “Explainability Pitfalls” [107]. Such pitfalls include uncalibrated
trust, overreliance, misinterpretation, cognitive overload, and frustration, often
stemming from design choices that shape how explanations affect users. Recognizing
these pitfalls is therefore essential for designing explanations that genuinely improve

users’ understanding of and interaction with Al systems.
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To build an understanding of explainability pitfalls, in this chapter, we begin with a
scoping review of prior literature to identify common pitfalls and their potential causes.
Among the identified pitfalls, Information Depth (i.e., the level of detail and complexity
in an explanation) emerged as a particularly important factor [72,181,278] as prior work
has produced mixed results concerning the effects of explanations depth on user
understanding [72,181,278,293], explanation preference [223], system reliance [50,247],
and cognitive load [69,167,181]. While there are trade-offs for both concise and detailed
explanations regarding comprehension and trust, little is known about how these effects
manifest in data-centric approaches [8,127,257]. Given the longer length and the distinct
nature of information in training dataset explanations compared to model-centric
explanations, it remains unclear how these prior findings might generalize to data-centric
approaches. For example, will in-depth training dataset explanations similarly enhance
understanding despite higher cognitive demands, or will their length and complexity

overwhelm users, making simpler explanations more practical and preferable?

This lack of clarity suggests that Information Depth may function as an explainability
pitfall in training dataset explanations, but its effects and trade-offs remain
underexplored. Motivated by these uncertainties, in this chapter, we investigate training
dataset explanations that vary in Information Depth and the use of Progressive
Disclosure to understand how they affect users’ critique of an Al system, their
understanding of it, and their cognitive load. Progressive disclosure is a concept from UI
design [62,226] that involves hiding advanced interface controls, limiting initial user

errors while they are learning the system. In our context, it refers to revealing
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explanation components on-demand, while keeping track of what has already been

explained. Specifically, we aim to answer the following research questions:

1) How does information depth in training dataset explanations affect participants’
critiques of an Al system, their understanding of it, and their cognitive load?
2) How does Progressive Disclosure influence users’ cognitive load and how they

navigate and understand training dataset explanations?

To answer these research questions, we conducted a study with 32 participants where
we asked participants to utilize the training dataset explanations to critique two
automated systems (i.e., assess their potential advantages and disadvantages) with
varying levels of Information Depth. Additionally, we examined how Progressive
Disclosure of information may help mitigating the adverse effects of potential
information overload. This study has been accepted for presentation at the 2026 ACM

Intelligent User Interfaces (IUI) conference [11].

4.1. Explainability Pitfalls

Despite many benefits of explanations shown in numerous studies, the impact of Al
explanations is not universally positive. Some studies reported no impact of explanations
on trust [72,83,255], suggesting gaps between the focus of explanations and users’ needs.
In some cases, explanations can even prompt users to act against their own interests,
leading to unanticipated and unintended negative consequences. Ehsan and Riedl defined
these negative effects as “explainability pitfalls” [107]. Understanding these potential

pitfalls can help researchers and designers to anticipate and address problems early in
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the design process, which might reduce the risk of bias, cognitive burden, or misleading

impressions [104,163].

To gain insights into explainability pitfalls, we conducted a scoping review [14] on
the literature related to explanations. A scoping review aims to map the breadth of
existing research on a broad topic to clarify key concepts, describe the available evidence,
and highlight gaps in the literature [14]. We used search terms such as “negative
consequences/outcomes/impact of AI/ML explanations”, “explainability pitfalls”, and
“harms of AI explanations” on Google Scholar. We also made use of forward and
backward searching on the papers we collected from the search. We included papers that
explicitly talked about negative consequences of explanations. We also included
literature that did not explicitly discuss negative consequences but described how an
explanation could potentially result in negative consequences. From the collected papers,
we extracted all documented negative consequences. We then grouped the consequences
that were similar (e.g., overtrust, undertrust) under one label (e.g., uncalibrated trust). We

categorize our list of negative consequences into two broad groups.

1. Adverse Outcomes: effects that arise directly from how users interpret and act on

explanations, such as overreliance, uncalibrated trust, or cognitive overload.

2. Design Drawbacks: issues that originate in the design process and can lead to those

outcomes, such as excessive information, lack of actionability, or ambiguity.

Table 6 presents the list of the negative consequences we identified in our scoping
review. For the Design Drawbacks, we provide illustrative mappings to potential Adverse

Outcomes that may follow from those design decisions.
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Table 6: Potential Negative consequences of Explanations

Adverse Outcomes

Uncalibrated trust [107,163,196]: Receivers of the explanation trust the system without proper
evidence of whether or not to trust the system.

Overreliance [25,46,196,255]: Receivers of the explanations tend to rely on the system without
any critical reflections (even when the Al system is wrong) and just because of the presence of
the explanations.

Cognitive overload [292,293,302]: Receivers of the explanations are cognitively overloaded by
too much information and/or too complex information presented in an explanation.

Misinterpretation [9]: Receivers of the explanations interpret the explanations differently from
the intended representations and/or meaning which leads to an incorrect understanding and
evaluation of the system.
Frustration [107,196,197]: Explanations leave the receiver frustrated owing to a range of
reasons (e.g., no clear actions, too much information, complexity of the information, interaction
technique) which hurts the user experience.

Design Drawbacks
Distracting Interface [197]: The explanation interface interrupts a user’s focus and draws
attention away from relevant information in the explanation. This can potentially lead to
cognitive overload, misinterpretation, and frustration.
Passive Consumption of information [197]: The explanation lacks the facility to actively

engage with it (e.g., interactivity), which can lead to knowledge gaps and result in frustration
and uncalibrated trust.

Lack of actionability [107,196,197]: Receivers of the explanations do not have any idea/actions
to take to improve system behaviour based on the explanation which leads to frustrations.

Information Depth [197]: The explanation provides a high level of detail and complexity (e.g.,
lack of clarity, unintuitive information). This can overwhelm users’ mental capacity, leading to

cognitive overload and increasing the chance of misinterpretation.

Ambiguity [197] : The explanation does not provide enough context to process the information
properly, leading to a higher chance of misinterpretation.

Beyond documenting outcomes and drawbacks, we also investigated underlying
causes that can explain why these negative consequences occur and how design choices

interact with such consequences [47,58,129,184,205,281,293]. Our review highlighted
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several key mechanisms rooted in human cognition and information processing:
confirmation bias [168] (people only focusing on information that supports their existing
beliefs), cognitive shortcuts [310] (using automatic thinking to make decision-making
more efficient), limited working memory [300] (the cognitive demand of the explanation
exceeds mental capacity), information or visual literacy [19,279] (the ability to seek,
evaluate, organize, use, and communicate information in various formats), and affect
heuristic [286] (where people rely on emotions rather than concrete information when

making decisions).

These causes are distinct from Design Drawbacks but often interact with them. For
example, limited working memory makes users susceptible to cognitive overload, but this
is exacerbated when explanations present excessive detail without sufficient structure or
guidance. Prior research has explored ways to mitigate these issues. For example, prior
work has found that cognitive forcing functions [47] can guard against cognitive
shortcuts and significantly reduce overreliance. Additionally, providing background
information (e.g., information required to assess the correctness of a prediction) [129] in
explanations can combat overreliance and help calibrate users’ trust. Other studies have
found that selective explanations (i.e., explanations that selectively present a subset of
model reasoning based on recipient’s preferences) can also reduce overreliance and
improve the subjective perception of the system [184]. However, regarding cognitive
overload, prior work has mainly proposed progressive disclosure as a strategy for
managing information depth, for example by revealing additional details only when
needed [293], but there is a lack of empirical evidence on how progressive disclosure help

users navigate explanations and manage cognitive load.

68



Investigating Information Depth and Progressive Disclosure

4.2. Studying Information Depth and Progressive Disclosure

From our review of explainability pitfalls (Section 4.1), Information Depth emerged as a
design drawback with the potential to create adverse outcomes such as cognitive
overload, misinterpretation, and disengagement. Information depth can significantly
impact user comprehension [72,181], and perceptions of the system [278]. For example,
simpler explanations are preferred by receivers [203,223,264], but can result in
incomplete understanding [278]. In contrast, detailed explanations can provide a clear
mental model of the system [72,181], but demand greater cognitive effort [181]. While
prior work has shown that both concise and detailed explanations have trade-offs for
comprehension and trust, little is known about how these effects might manifest in
training dataset explanations owing the differences in length and content of the
explanations. For example, prior work explored four different types of explanations
[38,96] (input-influence, sensitivity, case-based, demographic), all of which contained
fewer than 100 words. Schoeffer et al. explored different combinations of common
explanation types (relevant factors, factor importance, and counterfactual scenarios)
[278], with the most comprehensive explanation consisting of 172 words. In contrast, in
prior work on training dataset explanations [8], the shortest explanation was over three
times this length at 613 words. Given the complex relationship between information
depth and the utility of explanations, as well as the typically long-format nature of
training dataset explanations, it is unclear how prior findings on impact of information

depth will generalize for training dataset explanations.

Beyond what information is presented, how explanations are presented to users plays

a critical role in shaping their impact [36,270,302]. As discussed in existing explanation
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presentation paradigms [17], including static explanations, where users are presented
with all available explanatory information at once [17,38,77], can support rapid formation
of initial mental models [181,198], but may also increase cognitive load and overreliance
[25,181]. In contrast on-demand, interactive explanations, where users actively choose
when and what explanatory content to reveal [37,77,179,330], can support intentional
engagement and critical reflection [47], while risking underuse by users who lack

motivation [302].

One interface mechanism for enabling on-demand access is Progressive Disclosure, a
concept from UI design that involves hiding advanced interface controls, limiting initial
user errors while they are learning the system [62,226]. In the context of Al explanations,
Progressive Disclosure has been proposed as a mechanism for providing effective
transparency by balancing transparency with cognitive manageability [293]. Effective
Progressive Disclosure typically requires that (1) information is revealed on demand, (2)
explanation content is organized hierarchically, and (3) the system keeps track of the
context and information already given to users [293]. In practice, there is limited
empirical evidence showing that Progressive Disclosure reliably reduces cognitive load
or improves system perceptions. Moreover, presenting explanations on demand may shift
cognitive effort from processing content to deciding when additional information is

needed, which may introduce new forms of cognitive cost [232,248].

To understand how these effects play out in the context of training dataset

explanations, we designed a study examining two factors:

1. Information Depth — the level of detail and complexity in the explanation.
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2. Progressive Disclosure — an interface strategy that reveals explanation
components on demand, potentially mitigating overload while preserving access

to details.

Our study systematically varied these factors, with two levels of Information Depth
(detailed vs. summary) and two levels of Progressive Disclosure (present vs. absent). In a
laboratory-style controlled study with 32 participants, we asked participants to use
training dataset explanations reflecting these variations to critique two fictitious systems.
The critiquing task was similar to the one described in Chapter 3, applied to two system
scenarios. This design allowed us to examine how these factors shaped participants
critiques, understanding, perceptions, and cognitive load, as well as whether Progressive

Disclosure helped manage cognitive load.

4.2.1. Participants

We recruited participants through various channels, including advertisements across a
university campus, on different online platforms such as X (formerly Twitter) and
LinkedIn, and through snowball sampling (see Appendix B.1 for recruitment poster). To
ensure diversity in participants in terms of Al knowledge and background, we used a
questionnaire to pre-screen participants. The questionnaire included questions on
participants’ academic background (computer science/ engineering/ non-engineering)
and formal Al training (formal courses taken on AI/ML). We also included the Al literacy
scale [323], which consists of twelve 7-point Likert items that cover four core constructs
of Al literacy: awareness, usage, evaluation, and ethics. We recruited 34 participants but
excluded two who did not follow the study procedure or complete the full study.

Therefore, our final sample included 32 participants (14 men, 17 women, 1 non-binary).
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Regarding experience with ML and AI, 24 participants had no formal training (i.e.,
academic or professional experience) with ML and Al, while 8 did. In terms of academic
background, 17 had a CS background, 6 had an Engineering background, and 9 came from
non-CS / Engineering fields. The mean Al literacy score for our participant pool was 5.6
(SD = 0.73) out of a maximum of 7. The pre-screening questionnaire and the
demographics questions asked to participants can be found in the appendix (Appendix

B.2 and B.3).

4.2.2. Study Design

We included two main factors in our study.
i) Information Depth: Summary vs. Detailed

ii) Progressive Disclosure: Present vs. Absent

Information Depth refers to the volume of information provided in the explanation.
We defined two levels for this factor. In the summary version, the explanation offers
high-level, concise information about the training data, while in the detailed version, the
information is presented in a more elaborate and precise manner. Section 4.2.3 describes
the information present in the two levels of this factor. The second factor is the
Progressive Disclosure of information [293], which is a mechanism that enables
transparency “on demand”. We also defined two levels for this factor: the presence or

absence of Progressive Disclosure.

Our study had a mixed 2 x 2 design with Information Depth (summary, detailed) as the
within-subjects factor and Progressive Disclosure (absent, present) as the between-subjects
factor. In other words, each participant interacted with explanations with both levels of
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Information Depth and one level of Progressive Disclosure. The order of Information Depth
was counterbalanced across participants. We chose Information Depth as a within-
subjects factor to enable participants to directly compare summary and detailed
explanations. In contrast, to keep the study length manageable for participants, we

treated Progressive Disclosure as a between-subjects factor.

4.2.3. Explanation Interfaces and Content

The design of our training dataset explanation was consistent with the design of the
Q&A-based approach described in Chapter 3. We organized the explanation into four
distinct categories of information. These categories include: i) Collection (the collection
process, data sources, and pre-processing of the data); ii) Demographics (the demographic
distribution of the data instances); iii) Recommended Usage (list of recommended use
cases); and iv) General Information (overview information about the dataset, including

release date, history of usage, and updates).

For the detailed explanations, we used the same Q&A design and content as Chapter
3 (Section 3.3). The explanations are depicted in Figure 8(A) and Figure 8(B). The
questions and answers include concrete information on sample size, attributes, data
collection process, data pre-processing process, demographic information in multiple
dimensions (e.g., age, gender), recommended use, release dates, history of usage, and

updates.

The summary versions distilled each of the four categories into a short, focused
paragraph containing only the core message (see Figure 8(C) and Figure 8(D)). For

example, regarding the data collection process, the detailed explanation included how an
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automated extraction tool was initially used to gather and pre-process the data, followed
by manual evaluation of a subset to verify the accuracy. In contrast, the summary
explanation simply stated that the data collection process combined automated and

manual approaches.

Regarding Progressive Disclosure, when it was present, we applied the principles of
Progressive Disclosure (as described in Springer and Whittaker [293]) within the
interface. This was achieved by adding interactivity, such as keeping only one category
open at a time and requiring users to click on questions to view the answers. Once opened,
answers remained visible for reference and to help users to maintain context. This design
aimed to reduce the amount of information visible at any moment and encourage
intentional exploration. Our approach is consistent with existing literature on how to
achieve progressive disclosure [291,348], prioritizing a design that allows users to

selectively explore information aligned with their interests.

In the absence of progressive disclosure, all information was visible by default,
without the additional interactivity required to view content. This allowed users to view

the full information set without interaction costs.

Figure 8(A) and Figure 8(C) depict the two explanations where progressive disclosure
was present, whereas Figure 8(B) and Figure 8(D) demonstrate versions where progressive
disclosure was absent. Complete versions of the explanations can be found in the

appendix (Appendix B.4).
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Figure 8: Snippets from the different versions of training dataset explanations. (A)
demonstrates a detailed explanation with progressive disclosure present whereas (B)
demonstrates a snippet from a detailed explanation with progressive disclosure absent.
(C) demonstrates a summary explanation with progressive disclosure present and (D)
demonstrates a summary explanation with progressive disclosure absent. All explanations can
be found in full in the appendix (Appendix B.4).

4.2.4. Scenario and Task

Similar to Chapter 3, we used a scenario-based approach [273] where we asked

participants to critique two Al systems based on training dataset explanations with each

level of Information Depth. We used two scenarios from prior studies on training dataset

explanations [8,9] with the aim of having scenarios of similar significance and familiarity

to a diverse audience: an automated hiring system scenario and an automated admission

system scenario.
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Participants were asked to imagine that they work in the HR department of a
company (for the automated hiring scenario) or are part of the recruitment committee at
a university (for the admission system scenario) and they were tasked with utilizing the
training dataset explanation to recommend whether to purchase the system. As part of
this recommendation, participants were asked to use the information in the explanation
to critique the training data and the system. To guide participants in the critique, we used
a simplified version of the SWOT analysis technique (used in Chapter 3), where we asked
participants to identify strengths and weaknesses of the data and the system. This
adjustment was motivated by the observation in the first study (Section 3) that
participants used all of the Weakness, Threats, and Opportunities categories of SWOT
interchangeably to highlight potential problems in the system. Simplifying the
framework therefore reduced redundancy and simplified the task for them. To encourage
in-depth critiques, we asked participants to provide around eight comments with a
minimum of one strength and one weakness, however, we did not impose a strict limit
and told them to critique as they saw fit. We counterbalanced the scenario order across

participants. The detailed scenarios can be found in the appendix (Appendix B.5).

4.2.5. Study Procedure

We conducted our study sessions remotely over Zoom, with me present to facilitate each
session. Figure 9 provides an overview of our study procedure. Following the
introduction of the study and obtaining informed consent (Appendix B.6), I asked
participants to complete a brief demographics questionnaire. Subsequently, I provided
them with the task description and demonstrated the tool (Userback) [346] that enabled

them to annotate interface elements and enter critique comments. Participants were then
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presented with one of the scenarios and an explanation interface (either summary or
detailed), which they used to critique the system. Upon completing their first critique,
participants completed a post-scenario questionnaire comprising Likert-scale questions
assessing their trust in the system, perception of fairness, perceived understanding of the
explanation, perceived learning about ML, and cognitive load. The post-scenario
questionnaire also contained five comprehension questions (designed to gauge
participants’ understanding) about the data and the system based on information found
in the explanations: two multiple-choice questions (e.g., Was there any update provided
to the dataset?) and three open-ended questions (e.g., What kind of processes were used
in data collection?). The post-scenario questionnaire can be found in the appendix

(Appendix B.7)

After completing the first scenario, participants proceeded through the same process
for the second scenario with an explanation interface with the other level of Information
Depth. Upon completion of both scenarios, I conducted a semi-structured interview with
each participant to gain more detailed insights into their critique and their perceptions
of the differing levels of Information Depth. The study sessions lasted 2 hours on average
and participants were compensated with $30. The study was approved by University of

Manitoba’s Research Ethics Board (see Appendix B.8 for the approval).
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Complete twice (once per explanation condition)

Experiment
Introduction and
Background
Questionnaire

Description of
task and feedback
collection tool

Automated
System Scenario
& summary
explanation

counterbalanced

Post-scenario
questionnaire

Semi-structured
Interview Session

Automated
System Scenario
& detailed
explanation

Figure 9: Overview of the study procedure. This procedure was the same for both levels of
Progressive Disclosure (a between-subjects factor).

4.2.6. Data Collection and Analysis

We collected data from two primary sources. The first was questionnaire responses on
how participants felt about the data, the system, and the explanation through a Likert-
scale based post-scenario questionnaire. Additionally, we collected data on their
cognitive load via the NASA TLX [137]. We used Wilcoxon Signed-Rank test to analyze
the questionnaire data. We calculated Cronbach’s o for measures with combined items
to check for internal consistency, using a threshold of 0.70 to determine acceptable

reliability. We used a non-parametric test since we did not assume a normal distribution.

The second primary data source was participants’ critique comments. My advisor and
I were involved in analyzing the critique data. I first coded the data following the coding
process described in Chapter 3, categorizing each critique based on the specific
information they referred to within the explanation and their accuracy. We then
discussed the coded data over multiple meetings to reach an agreement on the codes. In

line with qualitative analysis guidelines in HCI research [217], we did not calculate an
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Inter-rater Reliability score for our qualitative data coding process, as the goal of was to

generate meaningful concepts rather than to achieve consensus.

When comparing means, we used a repeated measures ANOVA with Information
Depth as the within-subjects factor and Progressive Disclosure as the between-subjects
factor. We ran Pearson’s chi-squared test to compare the categorical distributions. We

used p = .05 as the significance threshold and p < .1 as an indication of a trend.

As a supplement to these primary data sources, we collected qualitative data through
semi-structured interviews, which we audio recorded and later transcribed for analysis.
We conducted a directed qualitative content analysis [149] to examine participants'
discussions of Information Depth and Progressive Disclosure. Following a deductive
approach, I coded relevant comments in which participants explicitly talked about these
factors. My advisor and I then discussed the coded data over multiple meetings to refine
the findings. We chose this approach to provide additional qualitative context to our
critique and questionnaire data while maintaining a focused exploration of the study

variables.

4.3. Results

4.3.1. Impact of Information Depth and Progressive Disclosure on User

Perceptions

As illustrated in Table 7, Information Depth impacted participants’ subjective impressions
of the utility of the explanation content and their impressions of the system. Participants
felt they understood the data more with the detailed explanation (Mdn = 17, IQR = 3) than

they did with the summary explanation (Mdn = 11.5, IQR = 10.75; Z = 4.155, p < .001).
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Figure 10 shows that there was much greater variability for this measure with the
summary explanation than there was with the detailed version. With the detailed
explanation, participants further perceived the information as more sufficient to critique
the system (Z = 3.987, p <.001) and felt that they learned more (Z = 3.987, p <.001). The
detailed explanation also impacted participants’ perceptions in the system, in that they
reported higher levels of trust in the system (Z = 3.091, p = .002) and that the system was
fairer (Z = 3.913, p < .001). Finally, unsurprisingly, participants reported higher
perceptions of depth (Z = 3.086, p = .002) and cognitive load (Z = 2.872, p = .004) with the
detailed explanation. That the medians are on the low end of the 7-point scale suggests

that even the detailed explanation was not perceived as too detailed or overwhelming.

Table 7: Median (IQR) values for the Likert-scale Questionnaire data based on Information
Depth. We report the Median and IQR values since we did not assume a normal distribution of
the Likert-scale data and conducted non-parametric test. We also provide scale ranges as some

measures combine multiple questionnaire items.

Scale Median (IQR) - Median (IQR) - | Z Sig
Range Summary Detailed
Trust 8-56 31.5 (8.75) 36.5 (7.75) 3.091 .002
Fairness 4-28 13 (6.75) 16.5 (5.75) 3.913 <001
Perceived 3-21 11.5 (10.75) 17 (3) 4.155 <.001
understanding of the
data
Perception of depth | 1-7 1.5(2) 3(2) 3.086 .002
Sufficient 3-21 9 (6) 15 (6) 3.987 <.001
information to
critique
Perceived learning 2-14 6 (5.75) 9(3.75) 3.355 <.001
Cognitive load 1-7 2.5(3) 3.5(2) 2.872 .004
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Figure 10: Participants’ perceived understanding of the data across Information Depth (the sum
of responses to three items)

In terms of Progressive Disclosure, as both conditions provided the same information,
expectedly so, there were no differences in the first five measures in Table 7. However,
as demonstrated in Table 8, there was a statistically significant impact on participants’
perception of learning (Z = 2.515, p = .012), with participants’ perceived learning being
higher when Progressive Disclosure was present (Mdn = 8.75, IQR = 3.25) than when it was
absent (Mdn = 6.75, IQR = 2.5). The increased perception of learning with the presence of
Progressive Disclosure supports findings from earlier research which showed Progressive
Disclosure affords more efficient learning progress [62]. For cognitive load, none of the
explanations induced a high cognitive load on participants (each with a median of 3), and

the use of Progressive Disclosure did not statistically significantly impact this measure.
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Table 8: Median (IQR) values for the Likert-scale Questionnaire data based on Progressive

Disclosure.

Scale Median Median Z sig
Range (IQR) for (IQR) for PD:
PD: Absent | Present

Trust 8-56 35(5.385) | 34 (7) 0.472 637
Fairness 4-28 14.25 (5.63) | 14.25 (3.5) 0.454 650
Perceived understanding of | 3-21 14.5 (4.38) 14 (6.88) 0.264 .809
the data

Perception of depth 1-7 2 (2.25) 2.5 (2.75) 1.031 .303
Sufficient information to 3-21 11 (3.63) 13 (4.5) 1.569 117
critique

Perceived learning 2-14 6.75 (2.5) 8.75(3.25) | 2515 012
Cognitive load 1-7 3 (1.38) 3(2) 0.609 .543

4.3.2. Impact of Information Depth and Progressive Disclosure on Participants’

Critiques

To understand how Information Depth and Progressive Disclosure impacted the nature of
participants’ objective assessment of the system, we analyzed their critique comments
across three dimensions: the volume of their critique comments, the breadth of their

critique topics, and the accuracy of their critiques.

Critique Data Amount
Participants provided a total of 544 comments as part of their critiques. These comments
included feedback on the system, the data used in the explanation, and the presentation

of the explanation. To gain a sense if participants’ critique amount would change between
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explanations, we compared the number of comments they have made for each

explanation they interacted with during the study.

Figure 11 provides the average number of comments according to Information Depth.
We saw a main effect of Information Depth on the number of comments provided (F130 =
14.951, p <.001), where participants provided more comments in the detailed explanation
(mean = 9.84, SD = 4.31) in comparison to the summary explanation (mean = 7.16, SD =
2.46). This suggests that participants provided more thorough feedback on the system
when presented with detailed explanations. The effect of Progressive Disclosure on the
number of comments was not significant (F1,30 =0.943, p = .339) nor was the interaction
effect of Information Depth x Progressive Disclosure (F130 = 0.978, p = .33?). We further
analyzed participants’ average critique length (i.e., the average number of words in a

comment) but we did not see any statistically significant effects (p > .401).
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Figure 11: Average number of comments per participant across Information Depth. Error bars
show standard deviation.

2 For the cases where we used repeated measure ANOVA, we report the interaction effects as the
test allows for this reporting,.
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Critique Data Coverage
We analyzed participants’ critiques in terms of the coverage of topics presented in the
explanation. For topic coverage, we label each comment in terms of the high-level
categories presented in the explanation (Section 4.2.3). These categories include Data
Collection, Demographics, Usage, and General Information. Some participants’ comments
focused on the overall dataset and did not fit under these categories. We labeled such
comments under a “Overall” category which resulted in five comment topics (Data

Collection, Demographics, Usage, General Information, Overall).

At a group level, all the topics were covered in participants’ critiques for both levels
of Information Depth, supporting previous findings that participants collectively find
value in all the presented information [9]. On an individual level, we saw a trend
concerning Information Depth (F130 = 3.817, p = .06) where participants covered a slightly
higher number of topics with the summary explanation (mean = 3.78, SD = 1.18) than with
the detailed explanation (mean = 3.28, SD = 0.99). There was no significant main effect of
Progressive Disclosure (F130 = 0.18, p = .674) on the number of topics covered nor a

significant Information Depth x Progressive Disclosure interaction (F130 = 0.537, p = .469).

We saw a statistically significant difference in the distribution of topics covered in
participants’ comments according to Information Depth (x? (4, N = 544) = 41.41, p < .001).
Figure 12 provides an overview of the distribution of topics and Table 9 provides some
illustrative examples. In the detailed explanation, more than half of the comments focused
on Data Collection whereas with the summary explanation, topic coverage was more
balanced. This indicates that participants not only utilized the additional depth on the

data collection process (e.g., specific details on collection tools and data pre-processing)
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in the detailed explanation, they also prioritized this information over other topics.
Although additional details were available across multiple topics, participants did not use
this information as much. This could either be because they found the Data Collection
aspect to be the most critical or because the Data Collection information was presented
as the first category. In contrast, with the summary explanations, participants spread
their critiques more evenly across multiple topics. Progressive Disclosure, on the other
hand, did not significantly impact the distribution of topics covered (¥? (4, N = 544) = 5.35,

p=.253).

100%
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80%
70%
60%
50%
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30%
20%

% of critique comments in each topic

10%

0%

Summary Detailed

B Collection M Demographic M Usage ® General Information M Overall

Figure 12: Distributions of topics in participants’ critique across Information Depth.
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Table 9: Illustrative examples of participants’ critique across Information Depth.

Summary Detailed

Collection This is a large dataset which is Combination of manual and
helpful in developing accurate automated processes for data
models. (P25) collection indicates a balanced

approach that leverages both human
expertise and technological efficiency
in data collection. (P24)

Demographics = This transparency from This does not reflect the general
demographics information enables population, so you are training your
the system to monitor and potentially | system on non-representative data.
mitigate biases in hiring decisions. This could lead to bias in its learning.
(P23) (P32)

Usage Clear guidance for usage ensures Good explanation on what this should
appropriate and ethical utilization, be used for. (P13)

and helps prevent harm. (P24)

General It is up to date and contains resumes | No individual consent raises ethical

Information received between 2015 and 2022. issues and invasion of privacy. (P16)
(P18)

Overall Good summary to quickly explain but | Overall, the dataset, while might have
could use a bit more information its flaws, is great in assessing
regarding the Al (P21) qualifications, experience and skills.

(Po)

Critique Data Accuracy
We also coded the accuracy of the critique data to investigate if participants seemed to
understand the information they were using as part of their critiques. We followed the
coding process described in Chapter 3, where we coded participants’ critique comments
on a 3-point scale (accurate, somewhat accurate, inaccurate). While we could label
majority of the comments using this scale, some of the comments contained a question

or stated uncertainty about the dataset. We labeled such comments as “Uncertain”.

Figure 13 depicts a distribution of the critique accuracy across Information Depth. We

found a statistically significant difference in the distribution of the critique accuracy
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across Information Depth (y? (3, N = 544) = 22.715, p < .001). Looking at the differences,
we noticed that the participants provided slightly more accurate and somewhat accurate
comments with the detailed explanation (accurate: 241/315, somewhat accurate: 58/315)
than with the summary explanation (accurate: 153/229, somewhat accurate: 36/229). We
further observed that participants showed more uncertainty in the summary explanation
(34/229) than in the detailed explanation (15/315). Finally, we found only one comment
in the detailed explanation to be completely inaccurate in comparison to the six
comments in the summary explanation. The fact that only 7 out of 544 comments were
rated as to be completely inaccurate suggests that both the explanations were at least
moderately comprehensible for participants. This further supports earlier findings in
Chapter 3 that participants can productively use training dataset explanation to generate
reasonably accurate critique comments. Here we demonstrated that participants can also
achieve reasonably accurate critiques even with a summarized version. Table 10 provides

some illustrative examples of critique comments in terms of their accuracy.
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 Accurate Somewhat Accurate M Inaccurate Uncertain

Figure 13: Distribution of the accuracy of participants' critique comments across Information
Depth
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Table 10: lllustrative examples for the critique accuracy ratings with researchers’ interpretation

of the critique comment in italics.

Summary

Detailed

Accurate

Somewhat
accurate

Incorrect

Uncertain

This seems like a generally large
sample, N=11k, which is good. (P33)

Comment on large sample size being
helpful for training.

Restricting the dataset's usage to only
one specific purpose may limit its
potential applications and insights that
could benefit other areas. (P24)

Comment is somewhat correct in that it
seemed to ignore the risk of using the
same data in improper contexts without
the usage guidance.

How would the individuals know their
data was used? This information does
not serve any purpose. (P18)

Participant incorrectly assume that the
information on previous use cases is for
the individuals whose data are in the
dataset and not for the potential
consumer of the dataset.

This lacks information. Which 3
genders? Which 5 categories? How does
ethnicity and country affect the
application? (P13)

Using average values for missing
attributes might not provide accurate
representation for individuals. (P20)

Comment on the concerns of using
average values for missing data.

This information is unnecessary.
Knowing one's ethnicity could
potentially introduce bias (both positive
and negative). (P8)

Comment is somewhat correct as it
seemed to ignore the fact that having
such demographic information in the
dataset might be necessary to
understand the representativeness of’
the dataset..

If the data from applicants below 10
years old were used to train decision
making for adult applicants, that would
be questionable. (P5)

Participant misunderstood a part of the
explanation that mentioned that 9% of
the applicants came from the age group
of over 55 years as applicants being less
than 10 years old.

How do we know that this tool is
reliable and accurate? What if it messed
up data during the extraction process?

(P11)

In terms of Progressive Disclosure, Figure 14 provides an overview of critique accuracy
across the conditions. Participants provided slightly more accurate critiques when
Progressive Disclosure was absent (213/288) compared to when it was present (181/256). A
similar pattern was observed for critiques that showed uncertainty (31/288 for absent and

18/256 for present). In contrast, somewhat accurate critiques were slightly more common
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when Progressive Disclosure was present (52/256) compared to when it was absent (42/288).
Finally, the number of incorrect critique was also higher when Progressive Disclosure was
present (5/256) than when it was absent (2/288). Overall, the differences in the distribution
of critique accuracy were not statistically significant across Progressive Disclosure, and we

only observed a trend (¥ (3, N = 544) = 6.538, p = .09). Nevertheless, the observed trend

warrants further investigation with a larger sample.

100%

points to a possible influence of Progressive Disclosure on critique accuracy, which
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Figure 14: Distribution of the accuracy of participants' critique comments across Progressive
Disclosure.

4.3.3. Impact of Information Depth and Progressive Disclosure on

Comprehension Questionnaire

To gain an additional sense of participants’ understanding of the explanation content, we
analyzed responses to the two multiple choice questions and the three open-ended
questions from the post-scenario comprehension questionnaire. We used a three-point

scale to grade the open-ended questions (1 for correct answer, 0.5 for partially correct
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answer, 0 for incorrect answer). The average scores for both the detailed explanation
(mean = 4.27, SD = 0.61) and summary explanation (mean = 4.06, SD = 0.79) were high,
with no significant main effects of Information Depth (F130 = 1.664, p = .207) or Progressive
Disclosure (Fi30 = 1.484, p =.233), and no Information Depth x Progressive Disclosure
interaction effect (F130 = 0.798, p = .37). These questions were designed to be high-level
to ensure they were answerable with both explanations, which likely contributed to the
lack of significant effects. The questions and sample graded answers can be found in the

appendix (Appendix B.9).

4.3.4. Interview Findings

We additionally examined our interview data to explore if they support or contradict our
results from participants’ critiques and questionnaire responses. Below we present our

key findings from the interviews.

Unequivocal Preference for Detailed Explanations
Our interview data suggest a clear preference for the detailed explanations, which
supports our results from the questionnaire responses (Section 4.3.1) and participants’
critique data (Section 0). Participants consistently emphasized the importance of detailed

explanations to understand the systems' functionalities and implications.

I would say [I prefer the detailed] one because it gave me more information to make
an informed decision if I'm going to purchase that system. But then the [summary]
one, I would say, it was really vague. I didn't understand [it] fully, so I think I just felt

more confident in the [detailed] one. (P5)
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Most found the level of detail provided in the detailed explanation to be crucial for
forming informed opinions about the AI systems and commented on how the lack of

detail in the summary explanations led to frustration and uncertainty.

I really felt like with the [summary] one, I didn't have enough context or enough
information to really know how the data [was] being used or where it is coming from.
So, the lack of information impacted my trust in the system. The [detailed] one, I feel

like there was a lot more background information. (P25)

I felt that the [summary] explanation was just missing a lot of information, and I didn't
really know what I was getting myself into, and that it was frustrating because you

were missing information. (P33)

We saw a statistically significant impact of Information Depth on participants’
perceived cognitive load (Table 7) and some participants in the interview also
acknowledged the potential for information overload with the detailed explanation.
However, they still preferred having the additional information to make informed

decisions.

To be honest, I didn't really have trouble, analyzing the [summary] one. I got confused
at some point, but [that was] because there was not enough information. Even though
I understood the [detailed one] and would prefer it, it was a bit mentally challenging

to analyze [the detailed explanation]. (P14)

91



Chapter 4

Progressive Disclosure of Information can be a Useful Addition to
Explanations
Participants, regardless of the presence of Progressive Disclosure, appreciated the well-
organized interfaces with the mix of text and infographics. The majority of the
participants who interacted with the explanation with Progressive Disclosure further
commented on the interactive nature of the explanations, citing that it allowed them to
control what information they accessed. This might help explain why participants

reported learning more with Progressive Disclosure.

I think [the interactivity] made it really exciting and made it easier for me to focus as
opposed to if you give me a table with too much information. If you give user, the
control where they can just click and see information that piques their interest, they'll

be more invested into that activity. (P2)

When it comes to this [explanation] where you have to interact with the information,
and you have to purposely [click] to look for the information, it kind of gives you a
feeling of being in control of whatever information I'm seeing. This made me more
interested in learning more in terms of the processes and everything and reading more

in depth in all the categories. (P28)

Other participants, however, did not find any potential benefit of Progressive

Disclosure, particularly with the summary explanation.

I felt like clicking sometimes was unnecessary because so little information [was

revealed] in one click. (P1)
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This indicates that Progressive Disclosure might be valued only when explanations

contain substantial information.

4.4. Discussion

Our study revealed that Information Depth strongly shapes users’ perceptions of training
dataset explanations, their critiques of the AI system that provide the explanation, and
their cognitive load. Detailed explanation significantly increased participants' perceived
understanding, trust, and fairness judgments of the Al system, as well as their perceived
learning, though they also required more cognitive effort. Participants’ critiques also
reflected a tradeoff: detailed explanations led to more accurate critiques but narrower
topic coverage (i.e., with a heavy focus on data collection information), while summary
explanations prompted shorter critiques with slightly more balanced coverage across the
different topics present in the explanation. Participants expressed a consistent preference

for detailed explanations despite the added effort.

Our results also showed that Progressive Disclosure is not sufficient to minimize the
extra cognitive load introduced by detailed training dataset explanations, however, most
participants commented on its utility and felt that they learned more when it was present.
While the lack of impact on trust, fairness perception, and perceived understanding can
be attributed to the fact that the same information was ultimately available across all
conditions, it was surprising to see no differences in cognitive load based on suggestions
in prior work [293,348]. One plausible explanation is that the task context imposed only
low to moderate cognitive load. Even the detailed explanations yielded relatively modest

load (e.g., mean value of 3.5 on a 7-point scale), which might have left limited room for
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Progressive Disclosure to provide measurable relief. Additionally, given the absence of
critical time pressure, participants may have been able to accommodate additional
information without experiencing overload [133]. Progressive Disclosure might be more
impactful in contexts characterized by time pressure or higher task complexity. It is also
possible that alternative ways of achieving Progressive Disclosure might be more impactful,
such as starting with a brief summary explanation and allowing users to expand it into a
detailed version. Future research could also investigate other approaches to mitigating
cognitive load, including cognitive forcing functions (e.g., mechanisms like checklists to
slow down how people process information) [47,86,111], and alternative explanation

formats (e.g., visuals, video, hybrid approaches) [302].

Despite the lack of significant results for Progressive Disclosure, our results provide a
starting point for establishing the role of Progressive Disclosure in explanation design.
The fact that Progressive Disclosure did not reduce cognitive load, but enhanced
participants’ perception of learning suggests that its strength might lie less in lowering
cognitive burden and more in shaping the user experience, for example by supporting
reflection and learning. Progressive Disclosure may be particularly useful in onboarding
workflows, where supporting exploration, learning, and reflection is more important
than immediate efficiency. Designers should therefore view Progressive Disclosure not
as a universal solution for cognitive load management, but as one component in a broader

design strategy that balances learning and usability.

Our findings highlight a potential tension between supporting both accurate and
comprehensive critiques. Participants provided more critique comments with greater

accuracy with the detailed explanation, but tended to focus predominantly on data
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collection (the first category in the interface), whereas explanation topic coverage was
relatively more balanced with the summary explanation. Therefore, designers may need
to consider the goal of the explanation when deciding on how depth to provide. For
example, if the goal is to encourage users to consider all aspects of a system, and
improving subjective impressions is not important, summary explanations might be most
effective. On the other hand, detailed explanation might be better suited for critique
accuracy and enhancing subjective impressions. The observed trend that participants
produced more critiques with greater accuracy when Progressive Disclosure was absent
further highlights the complexity of balancing comprehensiveness with interface
mechanisms. Future work should explore explanations that are not only detailed but also
incorporate mechanisms that motivate users to engage with different types of
information. For example, one approach could be to highlight key pieces of information
to draw attention [59,122,333]. Another approach could be to prompt users [296] to

consider all relevant information.

The increased trust and judgment of system fairness for Detailed explanations over
summary versions raises important considerations regarding the potential for
overreliance [25,247,255,326,340]. The higher perceived trust and judgment of fairness
suggests that users felt more confident in the system, however, this confidence is only
beneficial for human-AI collaboration if participants have engaged in critical thinking
[158]. While the use of critiquing as a task in our study guarded against automatic
thinking [158] and we saw positive impacts on critique accuracy with the detailed
explanations, our findings do not speak to how this increased trust and understanding

might ultimately impact reliance. An encouraging prior finding is that participants

95



Chapter 4

showed lower trust with detailed training dataset explanations with “red flags” compared
to those that described fewer potential causes for concern [8]. Future studies could
explore how this calibration of trust might be influenced by the information depth. Field
studies could also investigate how these types of onboarding explanation impact in-situ

system use.

Importantly, the observed preference for detailed explanations emerged in a context
where participants were presented with a reflective, high-stakes critique task. In such
settings, users may be more willing to tolerate higher cognitive effort in exchange for a
sense of completeness and understanding. This suggests that detailed explanations may
be most appropriate during onboarding, auditing, or evaluation phases, when users are
motivated to build a foundational mental model of the system. In contrast, users might
benefit from summary explanations in lower-stakes or time constrained contexts.
Designers should therefore treat explanation depth as context dependent choices,

informed by users’ goals and needs rather than fixed defaults.

Despite their longer format than many AI explanations, the training dataset
explanations as designed do not appear to suffer from the pitfall of high cognitive load.
Training dataset explanations might still be susceptible to other explainability pitfalls
outlined in Section 4.1, such as lack of actionability [107,197] and misinterpretation [9].
For example, future research could explore whether varying levels of Information Depth
might lead to differences in the number of actionable insights users derive from the
explanations. Future studies should also examine how such explanations can support
actions during system onboarding, such as adjusting user expectations [173] and guiding

early interactions.
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We balanced participants’ Al literacy [207,323] and backgrounds across study
conditions to minimize potential confounds associated with differing levels of Al
knowledge. Similar to Chapter 3, we used a combination of questionnaire items (e.g.,
educational background [8], formal AI/ML training/experience [8,105], self-reported Al
knowledge [105], and an Al literacy scale [323]) to get an understanding of Al knowledge
and experiences. Our participant pool nevertheless demonstrated a relatively high mean
Al literacy score (mean = 5.6, SD = 0.73). While this suggests that many participants were
generally knowledgeable about Al, the result may also reflect a ceiling effect in the Al
literacy scale, as documented in prior work [65]. Interpreting Al knowledge was further
complicated by the fact that participants with similar literacy scores varied in their
educational background, training experiences, and self-reported Al knowledge. Given
recent findings that AI knowledge can shape user perceptions of Al explanations
[105,276,302], future research should investigate how participants of different levels of
Al literacy experience and use explanations with varying depths of information. For
example, participants with lower knowledge levels may feel burdened by detailed
explanations and prefer summary versions, while those with higher knowledge levels
may use detailed explanations to generate more nuanced critiques. Progressive disclosure
might also benefit users with lower knowledge levels more, as they are more likely to
learn from gradually revealed information. Advancing this line of work will require
stronger and more comprehensive measures of Al literacy, which can support systematic
investigation of how users of different levels of Al literacy interpret and apply training

dataset explanations.
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There are additional limitations to our work that warrant further investigation.
Owing to feasibility, we used a mixed design in our study with Information Depth as a
within-subjects factor and Progressive Disclosure as a between-subjects factor. This choice
may have limited our ability to detect effects, particularly for Progressive Disclosure, as
between-subjects comparisons typically offer lower statistical power than within-
subjects designs. Future work could explore alternative study designs to increase the
statistical power to detect differences across levels of Progressive Disclosure and to elicit
contrastive comments on this factor. Additionally, our sample size was on the smaller
side. Future studies with a larger participant pool would strengthen generalizability and

support more detailed subgroup analysis, such as by Al literacy or domain background.

4.5. Summary

In this chapter, informed by our scoping review on explanation pitfalls, we examined
how the depth of information in training dataset explanations and the use of Progressive
Disclosure influence users' perceptions and understanding of an Al system and their
cognitive load. In comparison to summary versions, detailed explanations improved
users' understanding and subjective impressions of the system, but at the cost of higher
cognitive load. Information depth further impacted the balance of topics that participants
covered in their critiques of the system. While the use of Progressive Disclosure did not
reduce cognitive load, it enhanced perceived learning. These findings highlight important
design trade-offs in training dataset explanations by emphasizing the need to balance

completeness, clarity, and effort.

98



Chapter 5

Developing a Psychometrically Validated Scale for

Assessing Al Literacy

Chapter 3 and Chapter 4 of this dissertation examined how explanation design shapes
user comprehension and use of the explanations and their assessment of Al systems.
Specifically, in Chapter 3, we investigated how Presentation Style (Data Story vs. Q&A)
influenced users’ comprehension and usage of training dataset explanations, while in
Chapter 4, we explored how Information Depth and Progressive Disclosure affected users’
comprehension, usage of the explanations and their cognitive load. Together, these
studies suggest that presentation and depth influence how people interpret and use

training dataset explanations.

At the same time, these studies revealed a recurring challenge: users’ familiarity,
knowledge, and understanding of Al appeared to shape how they interpreted and used

training dataset explanations. For example, Chapter 3 showed that some participants with
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a stronger Al background (e.g., those from CS/Engineering disciplines or with prior
AI/ML experiences) expressed a desire for greater depth in the explanations. It is possible
that these participants would be able to extract greater value from detailed explanations
(Chapter 4), not solely because of design choices but also because their prior Al
experience would help them manage the complexity. Yet we found assessing users’ Al
understanding to be challenging across both studies. While we used a combination of
questionnaire items (e.g., educational background [8], formal AI/ML training/experience
[8,105], self-reported AI knowledge [105], and an Al literacy scale [323]) to gain a sense
of users’ Al understanding, these measures yielded inconsistent results. This highlights
the need for more robust instruments that can comprehensively capture users’ Al

understanding.

In this chapter, we address this need by developing a psychometrically validated scale
for assessing users’ Al understanding. We first explored concepts that could
comprehensively capture users’ Al understanding. This process led us to adopt Al literacy
[207] as our core construct, which encompasses an individual’s ability to understand,
evaluate, and interact with Al in everyday contexts. Following established scale
development guidelines [61,92,143], we developed a dual-format instrument that includes
Likert-scale items to assess self-perceived understanding and multiple-choice items to
assess demonstrated understanding. Our approach moves beyond prior instruments that
are often narrow in scope or tailored to specific contexts (e.g., student performance [229],
workplace decision-making [252]), providing a comprehensive understanding of users’
Al literacy. Beyond developing and psychometrically validating the scale, we also used it

to investigate how users’ perceived and demonstrated Al understanding align and discuss
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how this relationship can potentially inform the design of AI systems that support

improved human—AI collaboration.

We begin the chapter by first introducing the concept of Al literacy and then
describing the scale development and validation process. We then analyze and present
findings on the relationship between perceived and demonstrated AI understanding and

their implications for human-Al interaction design.

5.1. Defining Al Literacy

Given the increasing prevalence of Al systems, researchers across disciplines have
emphasized the importance of equipping individuals with the abilities needed to engage
critically and responsibly with these technologies. These abilities are often
conceptualized under the term AI literacy [74,207,228,323]. While definitions of Al
literacy vary, there is broad agreement that it is a multidimensional concept
encompassing technical, ethical, and social abilities [188]. Some definitions place stronger
emphasis on ethical aspects such as fairness, accountability, and safety [142,207,228,323],
while others focus more heavily on technical understanding [66,161,222]. However, most
definitions converge on the idea that Al literacy is less about the technical development
of Al applications and more about the ability to critically evaluate AI technologies,

interact with them effectively, and understand their broader societal impacts.

Complementing this body of work is the concept of AI competence [60,74], which,
while frequently used interchangeably with AI literacy, expands the notion by
incorporating users’ confidence and ability to self-reflect on their Al understanding and

focusing on how well individuals use Al in beneficial ways [74]. Al competence moves
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beyond knowledge and understanding to include the ability to apply Al in task contexts
ethically, responsibly, and productively [342]. The term AI ability also appears in this
literature, usually referring to an individual’s capacity to apply Al-related knowledge and
skills in practice. However, Al ability is typically embedded within definitions of Al

literacy and competence rather than being treated as a standalone construct.

A prerequisite for interpreting and evaluating how individuals apply Al in practice is
having a foundational understanding of what people know about Al and how they reason
about its impact. In light of this, we prioritize the latter rather than evaluating individuals’
task performance. Accordingly, we adopt Al literacy as our core construct. This allows
us to focus specifically on users’ conceptual understanding of AI and their ability to
reason about its societal and technical implications. We ground our operationalization in
the widely cited Al literacy framework by Long and Magerko [207], which conceptualizes
Al literacy as a knowledge-oriented construct and provides a well-established foundation

for measuring Al understanding in alignment with our research goals.

5.2. Developing a Scale to Assess Al Literacy

We followed a multi-stage, theory-informed process consistent with established scale
development guidelines [92,143]. In this section, we describe the process of building our

scale, which is summarized in Figure 15.
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Figure 15: Overview of the process used to develop the dual-format Al literacy scale. The
process includes identifying theoretical foundation, item generation, refinement, data
collection, scale exploration, finalization, and validation.

5.2.1. Theoretical Foundation

Our scale development was guided by the Al literacy framework proposed by Long and
Magerko [207]. This widely cited framework outlines 17 core abilities that help
individuals evaluate Al technologies critically, communicate and collaborate with Al and
use Al effectively across online, home, and workplace contexts. These abilities encompass

both technical and sociocultural dimensions, including the ability to recognize Al systems,

103



Chapter 5

understand AI’s strengths and limitations, interpret decision-making processes, and
reflect on public perceptions and ethical implications. Table 11 provides the list of
abilities in the AI literacy framework. We excluded the ability related to “Imagining
Future AT from our scale development, as it has been characterized as speculative in prior

work [147]. We used the remaining abilities as the basis for the item generation.

Table 11: Abilities in Long and Magerko’s Al literacy framework [207] and brief descriptions

Abilities in the Al
Literacy Framework

used in our operationalization.

Brief description of the ability

1. Recognize Al

2. Understanding
Intelligence

3. Interdisciplinarity
4. General vs. Narrow
5. Al’s Strength and
Weaknesses

6. Imagine Future Al

7. Representations

8. Decision-Making

9. ML Steps

10. Human Role in AI

11. Data Literacy

12. Learning from Data

104

Distinguish between technologies that use Al and those that do not.

Analyze what counts as “intelligence,” including differences across humans,
animals, and machines.

Recognize there are multiple approaches to building “intelligent” systems and
that Al draws on multiple disciplines.

Distinguish between task-specific Al (narrow) and Al with broad, human-like
capabilities (general).

Identify problem types where Al performs well versus where it struggles, and
use that to judge the appropriate use of Al

Envision future Al applications and consider their potential effects on the
world

Understand what knowledge representations are and describe examples of how
information can be represented for Al

Describe examples of how computers reason and make decisions.

Understand key steps in machine learning and the practices and challenges
involved at each step.

Recognize how humans shape Al systems through programming, model
choice, data curation, and fine-tuning.

Understand core data skills like obtaining, interpreting, evaluating, managing,
and using data.

Recognize that Al systems often learn from data
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13. Critically Understand that data needs interpretation and that training data choices
Interpreting Data influence model outputs and behavior.

14. Action and Understand that some Al systems can act in the world, either via planned
Reaction behavior or reactive responses.

15. Sensors Understand what sensors are, how they are used by computers to perceive the

world, and identify them in a variety of devices

16. Ethics Identify and describe perspectives on key ethical issues around Al, including
privacy, bias, transparency, and accountability

17. Programmability Understand that Al systems are programmable and can be designed or taught
to behave in particular ways.

5.2.2. Item Generation

To generate an initial pool of items, we used a combination of heuristic association (i.e.,
drawing on intuition and domain knowledge to generate items aligned with the abilities)
[143,323], a review of existing instruments [60,147,154,187,192,229,252,323], and
collaborative brainstorming [39,143]. When appropriate, we adapted items from prior
studies by selecting conceptually aligned Al literacy questions and rephrasing them to
match the wording, scope, and dimensional structure of the Long and Magerko

framework [207], while preserving their original conceptual nature.

We used 7-point Likert-scale items for self-assessment and multiple-choice questions
(with one correct option out of four) for factual understanding assessment (also referred
to as demonstrated understanding throughout this dissertation). We chose the Likert-
scale format for its widespread use in self-efficacy and awareness measurement tools
[23,92]. On the other hand, we used multiple-choice questions for factual assessment
because of their ability to produce verifiable assessment, independent of self-perception

[135]. While alternative formats such as open-ended or fill-in-the-blank questions can
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also assess factual understanding, multiple-choice questions offer practical advantages in

terms of objective scoring, response standardization, and scalability [253,271].

We ensured that each item explicitly reflected at least one dimension from Long and
Magerko’s Al literacy framework [207]. All items were reviewed and refined for technical
accuracy and clarity by myself and my advisor, both of us having experience with
questionnaire design and deployment. The iterative process resulted in an initial pool of
25 Likert-scale questions and 47 multiple-choice items. Although the items were
conceptually informed by prior Al literacy scales, only a small subset of items could be
directly used or adapted. Of the 25 Likert-scale items, 10 were adapted from existing
instruments. Direct reuse was limited for Likert-scale items because most existing scales
operationalize Al literacy using different frameworks or employ item wording that does
not map cleanly onto the fine-grained dimensions targeted in our framework. The
remaining Likert-scale items were newly constructed to provide more precise coverage
of the targeted abilities. In contrast, the multiple-choice set included a mix of new items
and 28 items adapted from earlier research [147]. The complete set of items, along with
indications of which items were adapted and their original sources, is provided in the

appendix (Appendix C.1).

5.2.3. Expert Reviews and Pilot Study

We refined the initial item set by conducting expert reviews and cognitive interviews
with three domain experts: two additional HCI researchers and one social science
researcher. Our expert sample size is consistent with recommendations for early-stage
item development, where the focus is on refining clarity and identifying potential

misunderstandings [143]. Following best practices, we used the think-aloud method [331]
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during these interviews to identify comprehension issues. Based on expert feedback, we
iteratively revised the items by replacing complex terms with simpler alternatives,
removing unclear or redundant items, and splitting items that covered multiple
constructs. This led to a refined item pool consisting of 30 Likert-scale items and 35

multiple-choice items.

We then conducted a pilot study with five participants to explore the usability of the
questionnaire. The pilot aimed to estimate completion time, identify any remaining
comprehension issues, and detect any formatting or grammatical errors. The average
completion time was approximately 20 minutes. Participants generally found the items
understandable, but we made minor refinements to improve clarity and consistency
based on their feedback. All finalized items, along with their mapping to the primary
dimensions of the Al literacy framework [207], are provided in the appendix (Appendix

C.2).

5.2.4. Method

We conducted an online survey to investigate the structure and psychometric quality of
the items. Below, we describe the participants and procedures used to evaluate the scale’s

structure and psychometric quality.

Participants
We recruited 300 participants via the Prolific platform [243]. Our sample size was guided
by scale development literature [92,238], which suggests that 300 participants is adequate
for scale development. We did not require participants to have prior experience with Al

or Computer Science with the aim of including individuals with a broad range of Al
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familiarity. We implemented attention checks to mitigate low-quality responses and
excluded participants who failed these checks or left more than 10% of items unanswered.
Based on these criteria, we removed 12 participants from the sample, resulting in a final
sample of 288 participants (144 men, 143 women, 1 non-binary). Figure 16 demonstrates
a breakdown of participants' ages, educational levels, and prior Al training, and we

provide the full set of demographic questions and the details in the appendix (Appendix

C.3 and C.4).
Age Range Education Level Al Training
[ High School Diploma: 13.9% |

No Training: 38.3%

E-—L

Figure 16: Demographic distribution of survey participants by age, education level, and Al
training. The majority of participants were aged 25-34 and held a bachelor’s degree, with Al
training most commonly being informal or none.

Procedure
Participants first completed a brief demographics questionnaire, followed by 30 Likert-
scale items and 35 multiple-choice items. To verify data quality, we included three
attention-check items to each format (e.g., “please select X” for Likert-scale item, “how
many sides does a triangle have?” for multiple-choice). We randomized the response
options for all multiple-choice items. Participants took 17 minutes on average to complete

the study and received six dollars in compensation. The study was approved by
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University of Manitoba’s Research Ethics Board. The approval and the study materials

can be found in the appendix (Appendix C.5 and C.6).

5.2.5. Data Analysis

We conducted a multi-stage analysis to evaluate and improve the psychometric
properties of the scale and to ensure that the scale reliably captures key dimensions of Al
literacy. Specifically, we aimed to uncover the underlying factor structure, reduce
redundancy, and retain items with strong measurement performance. To this end, we
employed a combination of Exploratory Factor Analysis (EFA) [116] and Item Response
Theory (IRT) [22]. We used EFA to uncover the underlying factor structure of the items
and to guide the removal of poorly performing items. We subsequently applied IRT to
evaluate measurement precision and discrimination power of the items across varying

levels of Al literacy.

Self-Assessed Likert Items
We first examined the suitability of the Likert-scale data for factor analysis using the
Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy [160] and Bartlett’s Test of
Sphericity [28]. We applied EFA with Principal Axis Factoring given the ordinal nature
of the data and the non-assumption of normal distributions [116]. We used oblique
rotation due to the expected correlation between latent factors [92,116]. We determined
the number of factors based on multiple criteria, including Kaiser criterion (eigenvalues
> 1) [159], scree test [64], parallel analysis [139], and the Velicer’s Minimum Average
Partial (MAP) test [318]. Using multiple criteria provides a more reliable basis than
relying on any single heuristic [82,92,116]. We considered items with low factor loadings

(< 0.5), high cross loadings (> 0.3), or low communalities (< 0.2) for removal to improve

109



Chapter 5

the clarity and interpretability of the scale. Factor loading represents how strongly an
item relates to a factor, whereas cross loading indicates overlap with multiple factors,
and communality captures the variance explained by the factor. Following EFA, we
modeled items using the Graded Response Model (GRM) of IRT [274], which is suitable
for Likert-scale data. IRT provides item-level insights into discrimination, and how
response options functioned across varying levels of AI literacy. We used a
discrimination threshold of 0.65 based on established psychometric guidelines to remove
items [22]. We also used visual inspection of Item Characteristic Curves (ICC) to evaluate
item performance [274]. ICCs graphically represent how the probability of responding to
an item changes across levels of the underlying trait being measured. By examining the
shape and position of these curves, we can assess how well items distinguish between
participants and whether they function as expected. Finally, we assessed internal
consistency of each factor using Cronbach’s alpha [85], which estimates the degree to
which items within a factor are correlated and thus measure the same construct. We

considered 0.70 as the acceptable threshold.

Multiple-Choice Items
We scored multiple-choice items dichotomously (correct = 1, incorrect = 0). To examine
the dimensional structure of the multiple-choice items, we computed tetrachoric
correlations, which are appropriate for binary data and provide a more accurate
estimation of item relationships than Pearson correlations [44]. We then examined the
factor structure of the multiple-choice items using the same criteria as for the Likert-
scale items. Given the absence of a clear factor structure from the analysis, we tested

unidimensionality through Confirmatory Factor Analysis [44,262,277]. Following
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confirmation of unidimensionality, we applied IRT using the 3-parameter logistic (3PL)
model, which estimates item discrimination, difficulty, and guessing parameters
[112,263]. We chose the 3PL model to account for guessing, which is especially relevant
for multiple-choice items. Discrimination indicates how effectively an item can
differentiate between ability levels, difficulty refers to the ability level needed for a
correct response, and guessing estimates the probability that a low-ability participant
answers correctly by chance. We considered items with poor model fit (e.g., RMSEA >
0.05, S-x* p < 0.05), low discrimination (< 0.35), or high guessing (> 0.4) for exclusion. We

fit our IRT models using the mirt package in R [67].

5.3. Results

5.3.1. Likert-Scale Items

Our analysis indicates strong underlying structure and good psychometric quality of the
Likert-scale items. The KMO value was 0.95, indicating excellent sampling adequacy, and
Bartlett’s test of sphericity was significant, x* (435) = 7338.01, p < .001, confirming that

the data was suitable for factor analysis.

Using a combination of factor retention techniques (Kaiser criterion, scree plot,
parallel analysis, and Velicer’s MAP test), we identified a two-factor solution. We present
the results of the parallel analysis in Figure 17, where the first two eigenvalues from the
actual data exceeded those from the simulated data, supporting a two-factor solution.
This suggests that Al literacy, as reflected in participants’ responses, consist of multiple

aspects.
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Figure 17: Parallel analysis to determine the number of factors for the Likert-scale items. The
solid blue line represents the eigenvalues derived from the actual data, while the red dashed
lines represent eigenvalues from simulated data. Factors are retained when the actual
eigenvalues are larger than the simulated ones. Here, the first two eigenvalues meet this
criterion, supporting the retention of a two-factor solution.

Following this, we conducted a two-factor EFA and explored the loadings for each
item for both factors. Based on our predefined removal criteria (Section 5.2.5), we retained
24 out of original 30 items. Thirteen items loaded on the first factor and eleven loaded on
the second factor. While the six items we removed did not align clearly with either factor,
this does not necessarily mean the items were invalid, rather they contributed less to the

emerging structure than other items and may require further refinement.
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To reduce redundancy, we examined high inter-item correlations, lower item-total
correlations, and conceptual overlap among items. We identified two pairs of items
within Factor 1 and one pair within Factor 2 that exhibited high inter-item correlations
(p > .80), suggesting redundancy. Additionally, one item in Factor 2 showed a low item-
total correlation (< 0.6) and conceptual similarity with another item in the same factor.
Based on these findings, we removed one item from each highly correlated pair and the
low-performing item in Factor 2. This refinement resulted in a final structure of 11 items

in Factor 1 and nine items in Factor 2.

We then applied IRT separately on each factor to further assess item quality and
discrimination. As described in Section 5.3.5, we used both a discrimination threshold of
0.65 and visual inspection of ICCs to evaluate item performance. Figure 18 and Figure 19
respectively demonstrates the ICCs for all the items in Factor 1 and Factor 2. No items in
Factor 1 were flagged during this phase, suggesting stable items within that factor.
However, while all items met the discrimination threshold, we removed one item from
Factor 2 (Item 8), as its ICC displayed overlapping curves, indicating that the item is a

poor differentiator across levels of Al literacy.
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Figure 18: Item Characteristic Curves (ICCs) for Likert-scale items within Factor 1, estimated
using a graded response IRT model. The curves illustrate the probability of selecting each
response category (P1-P7) across different levels of Al literacy (). All items show clear and
well-separated curves, indicating strong discrimination.

The final model consisted of two well-defined factors. Based on qualitative
interpretation of item content, we labeled Factor 1 as “Functional Knowledge of Al
Systems”, which consists of items reflecting an understanding of foundational Al
concepts, including how systems are programmed, trained, and how they make decisions.
Factor 2 was labeled as “Al in Society”, consisting of items about ethical considerations,
societal impacts, and human-Al interaction. We present the retained items organized by

factor in Table 12. Both factors demonstrated strong internal consistency, with
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Cronbach’s alpha greater than 0.92. Item-total correlations ranged from 0.71 to 0.85 for

Factor 1 and 0.60 to 0.75 for Factor 2, indicating good item performance. The correlation

between the two factors was 0.59, suggesting moderate overlap. More detailed analysis

results for the Likert-scale items are available in the appendix (Appendix C.7).
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Figure 19: Item Characteristic Curves (ICCs) for Likert-scale items within Factor 2, estimated

using a graded response IRT model. The curves illustrate the probability of selecting each
response category (P1-P7) across different levels of Al literacy (8). Most items show clear and

well-separated curves, indicating strong discrimination. However, Item 8 displayed overlapping

and flat curves, suggesting poor discrimination.

115



Chapter 5

Table 12: Retained Likert-scale items grouped by factor. Items in Factor 1 (“Functional

Knowledge of Al Systems”) reflect participants’ self-assessed understanding of how Al systems

are built and function, including programming, training, data analysis, and machine learning

processes. Items in Factor 2 (“Al in Society”) capture awareness of ethical challenges,

regulatory concerns, and the broader societal implications of Al. All items are mapped to one of

the dimensions in the Al literacy framework [207].

Retained Likert-Scale Items

Factor 1: Functional Knowledge of Al Systems

I can differentiate between narrow Al and general Al

[ understand the process of programming Al applications.

I understand the process of training Al applications using data.
I am capable of programming a basic Al application.

I can clearly articulate the strengths of current Al systems.

I have a clear understanding of neural networks as a model in AL
I can explain how Al systems make decisions based on learned patterns.
I am confident in my ability to analyze data used in Al training.

I can thoroughly explain the machine learning process and its
components.

I am capable of critically evaluating training data for inaccuracies.

[ understand the role of sensors in Al systems.
Factor 2: Al in Society

I am aware that Al decisions can reflect biases present in their training
data.

I recognize that the capabilities and limitations of Al systems are shaped
by what they learn from data.

I am aware that Al systems can effectively respond to human inputs in
real-time.
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I recognize the importance of collaboration across disciplines is necessary = Interdisciplinarity
for improving human—AlI interaction.

I am aware of the ethical challenges associated with Al development. Ethics

I recognize that existing regulations play a role in addressing ethical Ethics
concerns in Al development.

I understand how Al systems adapt based on inputs from human. Action and Reaction

I can describe the role of humans in influencing Al systems. Human Role in Al

5.3.2. Multiple-Choice Items

Our preliminary analysis yielded mixed results regarding the suitability of the multiple-
choice items data for factor analysis. While Bartlett’s test of sphericity was significant (y?
(561) = 28718.75, p < 0.001), the KMO measure was low (0.26), suggesting weak shared
variance across items. The low KMO indicates that the data are not well-suited for
identifying latent structures, a common limitation of dichotomously scored multiple-
choice items due to reduced variance and sensitivity to item difficulty [89,119,262]. Our
EFA confirmed the instability as parallel analysis suggested an overly complex 14-factor
structure, and Velicer’'s MAP indicated a two-factor solution, but both resulted in weak,
uninterpretable structures. Given these results, we concluded that EFA was inappropriate

for modeling the multiple-choice data and proceeded with IRT for item-level evaluation.

Before fitting the IRT model, we tested for unidimensionality of the multiple-choice
data by fitting an unidimensional model using Confirmatory Factor Analysis with the
package lavaan for R [272]. The one-factor model demonstrated good overall fit, x* (560)
= 647.23, p = .006, CFI = .98, TLI = .98, RMSEA = .02, SRMR = .10. While the SRMR value

(.10) slightly exceeded the conventional cutoft of .08 [44], all other indices suggest strong
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model fit. Thus, we deemed the model acceptable and supportive of an unidimensional

structure.

We then fit a 3PL-IRT model to the initial 35 candidate multiple-choice items. Figure
20 displays the ICCs for the full set of multiple-choice items prior to item reduction,
depicting how each item differentiates participants across levels of Al literacy (0). These
curves were used to evaluate item discrimination and guessing behavior. Each curve
shows the probability of a correct response (P(0)) across different levels of participant
ability (0). Items with steeper curves exhibit greater discrimination, while curves that

begin above zero on the y-axis indicate higher chances of guessing the correct answer.

We removed 13 items that had a low discrimination power and high guessing
parameter (as defined in Section 5.3.5), as they offered limited value in distinguishing
participants. We further removed 4 items based on poor model fit. This resulted in a final

set of 18 multiple-choice items retained for the scale.

The retained items demonstrate strong psychometric properties with discrimination
values ranging from 1.09 to 5.39, difficulty from -1.63 to 1.56 and guessing from 0 to 0.39.
These values fall within acceptable ranges and cover a good spread [22], suggesting that
the remaining items have the potential to effectively differentiate participants across a

range of Al literacy.
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Figure 20: Item Characteristic Curves (ICCs) for the initial pool of 35 multiple-choice items
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prior to item reduction. These visualizations were used to assess item quality based on
discrimination, difficulty, and guessing parameters.

Figure 21 presents the Test Information Function (TIF) for the multiple-choice items.

The TIF illustrates the precision of the test across different levels of participant ability.

The TIF peaked between 0 ~ -1.5 and 1.5, indicating that the test is most precise at

assessing individuals with below-average to slightly above-average ability levels of Al

knowledge (with © = 0 representing average ability). Outside this central range, the

amount of information declines sharply, especially for higher ability levels (6 > 2),

indicating reduced sensitivity for participants with very high Al knowledge. Similarly,

precision diminishes for those with extremely low ability levels. These findings imply

that while the scale is well-targeted for the general population, it may benefit from the
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addition of higher-difficulty items to better capture differences in expert-level

understanding.

1(6)

Figure 21: Test Information Function (TIF) plot for the multiple-choice item set with 18 items. It
depicts the amount of information provided by a test across different levels of the latent trait

o).

In summary, while a coherent factor structure could not be established through EFA,
item-level analysis via IRT provided a robust alternative for refining the multiple-choice
items of the scale. Internal consistency for the final set of multiple-choice items was
acceptable (Cronbach’s alpha = .80), supporting its reliability in measuring participants’
factual knowledge of Al concepts. The final set of multiple-choice items are provided in
Table 13 and more detailed analysis results for the multiple-choice items are available in

the appendix (Appendix C.8).
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Table 13: Final set of 18 multiple-choice items included in the Al Literacy Scale. Each item

consists of a stem and four response options, with a single correct answer indicated in italics.

All items are mapped to one of the dimensions in the Al literacy framework [207].

Retained Multiple-choice Items

1. What is one of the primary characteristics of intelligence?

a) Following preset commands; b) The ability to learn and adapt; c)
Memorizing large amounts of information; d) Moving objects with
precision

2. What convinces us for an Al to be intelligent?

a) The ability to walk and talk; b) The presence of an artificial brain; c)
Being at least as intelligent as humans; d) Acting rationally to achieve
specific goals effectively

3. Which statement best describes narrow AI?

a) A system capable of solving diverse problems across multiple domains;
b) A system designed to address a single, specific problem; c) A
speculative future Al that mimics human thought processes; d) An Al
capable of performing any task as effectively as humans

4. What is something narrow Al is unable to do?

a) make decisions under uncertain conditions; b) perform a wide range of
tasks across different domains; c) solve a task with a greater efficiency
than a human; d) learn from unstructured data

5. In which task is Al already outperforming humans?

a) Accurately detecting tumors in medical imaging; b) Programming
complex software; ¢) Translating lengthy novels; d) Designing innovative
cancer treatments

6. In which domain do humans still outperform AI?
a) Predicting extreme weather events from data; b) Proving mathematical
theorems; ¢) Answering factual quiz questions; d) Playing poker

7. Which data structure is most commonly used in Al systems?

a) Flowcharts that map out decision-making processes; b) Neural networks
that simulate interconnected brain-like structures; c) Pie charts for
visualizing datasets; d) Tables that organize raw data in rows and columns

Represented
Ability from Al
literacy
Framework

Understanding
Intelligence

Understanding
Intelligence

General vs.
Narrow Al
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Narrow Al
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8. How does Al decision-making differ from human decision-making? Decision-Making

a) Al is entirely logic-based; b) A7 relies on learned patterns and lacks
emotional influence in decision-making; c) Al is capable of creativity and
intuition; d) Al always makes faster decisions than humans

9. What distinguishes supervised learning from unsupervised learning? Decision-Making

a) In supervised learning, the output values of the training data are
known, b) In supervised learning, humans continuously supervise the
training process; ¢) In supervised learning, all steps are fully documented;
d) Supervised learning is subject to stricter legal regulations

10. At which stage can humans influence the outcomes of machine Human Role in
learning? Al

a) By calculating prediction accuracy; b) By randomly splitting data into
training and testing sets; ¢) By selecting the model used in the learning
process; d) By abstracting the structure of the model

11. What is essential for training a machine learning model? ML Steps

a) Large amounts of diverse data; b) High-speed internet; c) Simple
handcrafted rules; d) Constant human supervision

12. What is the primary benefit of using data visualizations? Data Literacy

a) Storing data effectively; b) Preparing images for recognition tasks; c)
Conveying insights and clearly communicating results; d) Performing
statistical tests

13. Why do machine learning systems produce strong results? Learning from

a) They are extremely powerful in computation; b) They think like Data

humans, but faster; ¢) They analyze large datasets to identity patterns and
improve models; d) They are based on expert systems with stored

knowledge
14. You observe that a machine learning model is better at recognizing Critically
cats than dogs. What could explain this difference? Interpreting Data

a) There are fewer online images of dogs compared to cats, making them
harder to identify; b) Smaller animals like cats are inherently easier for
models to recognize than larger ones like dogs; ¢) Most machine learning
models are naturally better at recognizing cats; d) The training data for
dogs was not diverse or representative of all dog breeds

15. Which statement accurately describes the machine learning process? ML Steps

a) It is grounded in behaviorist learning theories; b) /¢ is an iterative
process that involves repeated refinement, c) Supervised and unsupervised
learning follow identical steps; d) The process can be reversed to generate
artificial datasets
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16. What should be considered when splitting data into training and test ML Steps
sets?

a) Ensure the datasets are equal in size; b) Randomly divide the data into
training and test sets; c) Use higher-quality data for the test set than the
training set; d) Ensure training and test data are as distinct as possible

17. Which is a common ethical concern related to AI? Ethics

a) The speed of Al systems; b) Bias and fairness in Al decision-making; c)
AT’s limitations in performing calculations; d) The programming
languages used to develop Al

18. Which societal challenge is frequently associated with AI? Ethics

a) Lack of investment in education systems; b) Shortages of computer
chips due to AI's computational demands; ¢) High error rates in Al-
powered manufacturing processes; d) Displacement of human workers by
Al systems

5.4. Scale Validation

We conducted a psychometric validation of our finalized Al literacy scale using a second
independent sample. This validation method establishes the scale as a dependable and
well-structured measure [92]. We evaluated both the self-assessed (Likert-scale) and
factual (multiple-choice) components, examining their validity, reliability, and

psychometric quality to ensure the robustness of the scale.

5.4.1. Participants

We recruited 200 participants via the Prolific platform [243]. Our criteria for recruitment
and data filtering were the same as in the first study (Section 5.2.4), with the additional
requirement that participants could not have taken part in the first study. We excluded
12 participants in the filtering process, resulting in a final sample of 188 participants (95

men, 93 women). Figure 22 provides a breakdown of the sample according to age,
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education level and prior Al training. Full demographic details are provided in the

appendix (Appendix C.4).

The demographic composition of this sample was comparable to the first sample.
Sample 2 had a lower proportion of participants with no Al experience (23% vs. 38%) and
a slightly higher proportion of participants with a computer science background (31% vs.
23%). These differences suggest a modest shift toward greater Al familiarity but likely

reflect natural variation in Prolific recruitment rather than major deviations in overall

diversity.
Age Range Education Level Al Training

Master's Degree: 21.8% IONIaining:123:474

.

Figure 22: Demographic distribution of the validation sample by age range, education level, and
prior Al training. Most participants were aged 25-34, commonly held a bachelor’s degree, with
mostly informal training. The distribution is closely comparable to the first sample.

5.4.2. Likert Items Validation

Confirmatory Factor Analysis
To evaluate the two-factor structure of the finalized self-assessment Likert-scale, we
conducted a Confirmatory Factor Analysis (CFA) on the second sample (with 188
participants) using the lavaan package in R [272]. CFA is a statistical technique used to

test whether the data fit a specified factor structure [44]. The CFA results indicated an
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acceptable model fit, with the following indices: CFI = 0.99, TLI = 0.99, RMSEA = 0.088,
SRMR = 0.072, and x*/df = 2.43. While the RMSEA value exceeded the ideal range (0.05-
0.08), it fell within the marginal fit range (0.08-0.10), suggesting a modest approximation
error but still within acceptable bounds for practical use [150]. All other indices fell
within commonly accepted thresholds for good model fit, collectively supporting the
two-factor solution. Furthermore, all standardized factor loadings were above 0.60,
indicating that each item was strongly associated with its intended latent construct.
Overall, these results provide empirical support for the structural validity of the scale,
confirming that the two-factor structure is a valid representation of self-assessed Al

understanding.

Assessment of Scale Reliability and Validity
The overall scale demonstrated excellent reliability (Cronbach’s alpha = 0.97). Within the
two identified factors, the Cronbach’s alpha values were 0.96 and 0.90, respectively,

indicating strong internal consistency for both factors.

We assessed convergent validity using Composite Reliability (CR) [121] and Average
Variance Extracted (AVE) [134]. CR reflects the internal consistency of the items within
a factor, functioning similarly to Cronbach’s alpha but accounting for factor loadings
(which makes it a less biased estimate of reliability than Cronbach’s alpha). On the other
hand, AVE measures the proportion of variance captured by a factor relative to the
variance due to measurement error, indicating how well the items represent the latent
factor. Based on established thresholds in the literature (CR > 0.70; AVE > 0.50) [134], our
results supported convergent validity. The CR values for the two factors were 0.96 and

0.89, and the corresponding AVE values were 0.72 and 0.57, all exceeding the
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recommended cutoffs. These results suggest that the items within each factor are

internally consistent and meaningfully represent the intended factor.

Finally, to evaluate discriminant validity, we used both the Heterotrait—-Monotrait
(HTMT) ratio of correlations [141] and Fornell-Larcker criterion [121]. HTMT is a widely
recommended method for assessing whether factors that are supposed to be different are
empirically distinct. HTMT estimates the ratio of between-factor item correlations to
within-factor item correlations. A commonly accepted threshold for HTMT is 0.85 [171],
with lower values indicating better discriminant validity. In our analysis, the HTMT ratio
between the two factors was 0.71, providing evidence of good discriminant validity. We
also applied the Fornell-Larcker criterion which evaluates whether each latent factor is
empirically distinct from others by comparing the square root of each factor’s AVE to its
correlations with other factors. The square roots of AVE were 0.848 for Factor 1 and 0.755
for Factor 2, both of which slightly exceeded the inter-factor correlation of 0.75. This
satisfies the Fornell-Larcker criterion, providing additional evidence for discriminant
validity. Together, these results suggested that the two factors represent conceptually
distinct dimensions of Al literacy, and that participants’ responses to the items reflected

this distinction.

5.4.3. Multiple-Choice Items Validation

We evaluated the performance of the 18 retained multiple-choice items using 3-PL IRT
[22,89]. Figure 23 presents the ICCs for the multiple-choice items on the validation
sample. Overall, the items demonstrated robust psychometric properties, with
discrimination values ranging from 0.92 to 15.85, difficulty values from -2.54 to 0.72, and

guessing parameters from 0 to 0.57.
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Most items continued to perform well, with some showing improved discrimination.

However, a subset of items (i.e., Item 7, Item 10, and Item 11 in Table 13) showed elevated

guessing parameters (above 0.40). This suggests that some responses may have been

influenced by test-taking strategies (e.g., eliminating unlikely options or selecting the

most technical-sounding choice) or item-level cues (e.g., patterns in phrasing or option

length that inadvertently hint at the correct answer) rather than actual knowledge. These

items may benefit from further refinement to reduce ambiguity and minimize the

potential for guessing.
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Figure 23: Item Characteristic Curves (ICCs) for the final 18 multiple-choice items. Each curve
shows the probability of a correct response (P(0)) across different levels of participant ability
(0). Items with steeper curves exhibit greater discrimination, while curves that begin above zero
on the y-axis indicate higher chances of guessing the correct answer. These visualizations were

used to assess item quality based on discrimination, difficulty, and guessing parameters.
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The overall scale demonstrated acceptable reliability and construct coverage. Internal
consistency for the final multiple-items set improved in the validation sample (o= .85),
supporting the robustness of the scale. While some items showed increased guessing, the
majority performed well across a range of ability levels, and the full item set provides a

reasonably accurate and scalable measure of factual Al knowledge. We provided a

summary of the scale development and validation results in Table 14.

Table 14: Summary of scale development and validation analyses.

Sample Analysis

Likert-Scale (Self-Assessed)

Multiple-Choice (Factual)

Development | Factorability
Sample

EFA

IRT

Validation
Sample

CFA

Reliability

Validity

IRT

128

KMO = 0.95; Bartlett’s x? (435)

=7338.01, p < .001 (excellent
factorability)

Two-factor solution; 24 of 30
items retained after EFA;
further redundancy checks

reduced the set to 20 items (11

in Factor 1 and 9 in Factor 2)

Applied separately by factor; 1
item removed in Factor 2 (poor

ICC)

CFI = 0.99; TLI = 0.99; RMSEA

= 0.088; SRMR = 0.072

Cronbach o = .96 (Factor 1), .90

(Factor 2)

CR: 0.96 (Factor 1), 0.89
(Factor 2)

AVE: 0.72 (Factor 1), 0.57
(Factor 2)

HTMT = 0.71; Fornell-Larcker

criterion satisfied

All items showed good
discrimination

KMO = 0.26; Bartlett’s x* (561)
= 28718.75, p < .001 (poor
factorability)

Unstable factor solutions;
abandoned EFA

18 out of 35 items retained,
Discrimination: [1.09, 5.39],
Difficulty: [-1.63, 1.56],
Guessing: [0, 0.39].

N/A

Cronbach o = .85

N/A

Discrimination: [0.92, 15.85],
Difficulty: [-2.54, 0.72],
Guessing: [0, 0.57]
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5.4.4. Measurement Consistency Across Subgroups

To enable subsequent analyses comparing Al literacy across gender and prior Al training
subgroups, we evaluated measurement invariance [219] for the two-factor Likert
structure factors and differential item functioning (DIF) [211] for the multiple-choice
items. Establishing invariance ensures that observed group differences reflect genuine
variation in Al literacy rather than measurement differences such as different groups

interpreting certain items differently.

We evaluated model fit for the Likert-factors using the Comparative Fit Index (CFI)
[73], where a change in this index (ACFI) of less than .01 is typically taken as evidence
that measurement invariance holds. For the multiple-choice items, we tested DIF using
likelihood ratio tests within the 3PL-IRT model [306] with Benjamini-Hochberg
correction [34] for multiple comparisons, considering items to show DIF if flagged at p

< .05 after adjustment.

For Likert-scale factors, measurement invariance across gender was fully supported.
Configural, metric, and scalar models all met the criteria (ACFI < .01), indicating that the

scale worked the same way for men and women.

Across prior Al training groups, configural and metric invariance held (ACFI < .01),
but scalar invariance initially failed (ACFI = .012), suggesting that some intercepts varied
by training level. Following recommendations on partial invariance [52], we freed the
intercept of one item identified through modification indices, which restored acceptable
fit (ACFI = .008). This result supports partial scalar invariance, indicating that the scale
worked largely the same way across training groups, with only minor differences at the

item-level.
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For the multiple-choice items, DIF analyses under the 3PL-IRT model did not flag any
items across gender or prior Al training. This suggests that all items function equivalently

acCross subgroups.

Together, these results indicate that our scale is psychometrically stable across
gender and prior Al training subgroups, supporting valid use of the scale for between-
group comparisons. Full fit indices of the invariance tests are provided in the appendix

(Appendix C.9 and C.10).

5.5. Relationship Between Self-Assessed and Factual Al Understanding

We examined how participants’ self-assessed Al understanding aligned with their factual
understanding of Al as measured by our Al literacy scale. Given that both participant
pools answered the same set of questions, and the analyses did not involve re-validating

the factor structure, we combined data from both participant samples (N = 476).

We operationalized Self-Assessed Understanding as the mean of all 19 items spanning
two subscales: Functional Knowledge of Al (eleven items) and Al in Society (eight items),
each rated on a 7-point Likert-scale. In contrast, we measured Factual Understanding
using the 18 multiple-choice items, each scored binarily (0 = incorrect and 1 = correct)
and summed to yield a total score. The Functional Knowledge of Al subscale had a mean
of 3.66 (SD = 1.54, Median = 3.91, IQR = 2.55), while the AI in Society subscale had a mean
of 5.27 (SD = 1.09, Median = 5.38, IQR = 1.38). The composite score representing Self-
Assessed Understanding had a mean of 4.40 (SD = 1.24, Median = 4.47, IQR = 1.79). Finally,

the mean Factual Understanding score was 11.97 (SD = 3.88, Median = 12, IQR = 5).
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To explore alignment between self-assessed and demonstrated understanding, we
computed Spearman’s rank-order correlations given violations of normality in Shapiro-
Wilk test (p < .01 for all). Our analysis revealed that Factual Understanding was weakly
correlated with the Functional Knowledge of Al subscale (rs= 0.11) but had a modest
correlation with the Al in Society subscale (rs = 0.22) and the Self-Assessed Understanding
score (rs = 0.17). These results suggest limited alignment between perceived and factual
understanding of Al measured by the scale. However, the two self-assessment subscales,
Functional Knowledge of Al and Al in Society, were highly correlated with each other (rs

= 0.62), indicating internal consistency in the perceived understanding dimensions.

While the above correlations indicated limited association between Self-Assessed and
Factual Understanding, they do not reveal whether individuals tended to systematically
overestimate or underestimate their understanding. To address this, we conducted a
calibration analysis, inspired by the seminal work of Kruger and Dunning [178], which
highlighted discrepancies between individuals’ perceived and actual performance. We
computed a calibration score (i.e., a bias index score [3]) by subtracting standardized
Factual Understanding score (multiple-choice) from standardized Self-Assessed
Understanding score (Likert-scale), a widely used approach to compute miscalibration
between subjective confidence and objective performance [3,157,240]. Standardizing both
variables (via z-scores) accounts for the differing scales (Likert-scale vs. multiple-choice)
and enables direct comparison on a common metric [123,126,216]. A positive score
indicates overestimation, a negative score points to underestimation, and a score of zero
reflects perfect calibration (i.e., no difference between standardized self-assessed and

factual scores).
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The mean calibration score was essentially zero (2.53 x 107*°), and a Wilcoxon signed-
rank test revealed no significant deviation from perfect calibration (Z = 1.07, p = .28).
These results suggest that, at the group level, participants were well-calibrated in their
assessment of their Al understanding. Yet, this overall pattern may overlook important

differences among subgroups, which we investigate in subsequent sections.

5.5.1. Calibration Differences by Self-Assessed AI Understanding

Prior research has shown that group-level calibration scores can obscure individual
differences, especially when patterns of overestimation and underestimation offset each
other [169,170,245,343]. To examine how calibration patterns varied based on self-
assessed Al understanding, we divided participants into high and low self-assessment
groups (N = 245 and N = 231, respectively) using a median split of their Self-Assessed
Understanding scores (Median = 4.47). As shown in Figure 24, participants in the high self-
assessment group had a mean calibration score of +0.69 (SD = 1.21), indicating
overestimation. In contrast, the low self-assessment group had a mean calibration score
of —0.73 (SD = 0.99), reflecting underestimation. A Mann-Whitney U test confirmed that
the difference in calibration scores between the two groups was statistically significant
(U= 16121, Z = 8.12, p < .001). These findings suggest that participants who perceived
themselves as more competent were more likely to overestimate their understanding,
whereas those with lower self-assessments tended to underestimate it. This resembles a
reversal of the Dunning-Kruger effect [178], in which less competent individuals

overestimate their abilities and more competent individuals underestimate their abilities.
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Figure 24: Distribution of standardized calibration scores (z-scored Likert — z-scored multiple-
choice) by Al literacy group. The Low Al Literacy group (left) shows a negative mean score (-
0.73), indicating underestimation, while the High Al Literacy group (right) shows a positive
mean score (+0.69), indicating a tendency to overestimate their Al knowledge. The dashed red
line represents perfect calibration (score = 0).

5.5.2. Calibration Differences by Gender

Motivated by prior research suggesting that gender can influence self-assessment
tendencies, with men often showing greater overestimation than women [102,152,244],
we conducted a gender-based analysis comparing knowledge calibration of participants
who identified as either men or women. We did not include the one participant who
selected a different gender identity due to the insufficient sample size. As shown in Figure
25, men had a slightly positive mean calibration score (mean = 0.021, SD = 1.18),
suggesting a mild tendency to overestimate their understanding. In contrast, women had
a slightly negative mean score (mean = -0.012, SD = 1.44), indicating a mild tendency
toward underestimation. While the directional pattern is consistent with prior research
on gender differences in self-assessment [102,152,244], the difference in calibration scores

was not statistically significant (U = 939.5, Z = 19.43, p = .48).
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Calibration Score by Gender
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Figure 25: Boxplot of standardized calibration scores (z-scored Likert — z-scored multiple-
choice) by gender. Men showed a slightly positive average calibration score (M = 0.021),
indicating negligible overestimation of their Al knowledge, while women exhibited a slightly
negative average score (M = -0.012), reflecting negligible underestimation. The dashed red line
at zero represents perfect calibration.

5.5.3. Impact of Prior Al Training in Self-Assessed and Factual AI Understanding

We also examined how prior Al training influenced participants’ Self-Assessed and
Factual Understanding scores. We grouped participants into three groups based on their
reported Al training: No Training (no formal education or training in Al), Informal
Training (self-taught or gained through workshops, seminars, or on-the-job experience),
and Formal Training (completion of formal courses or degrees specializing in AI). We
conducted Kruskal-Wallis H tests to compare the three training groups across all self-
assessed and factual understanding measures. As shown in Table 15, the results revealed
significant group differences in all self-assessed measures. However, no significant
difference was observed for Factual Understanding. Post-hoc Wilcoxon tests with
Bonferroni correction confirmed significant pairwise differences across all Al training
levels (p < .001) in Functional Knowledge of Al and Self-Assessed Understanding. For Al in

Society, only the No Training group scored significantly lower than the other two.

134



Developing a Scale for Assessing Al Literacy

Table 15: Median (IQR) values for Self-Assessed and Factual Al Understanding across Al

training groups.

Variable No Informal Formal H Sig
Training Training Training

Self-Assessed | Functional 2.18 (1.34) | 4.09(1.68) | 5.18(1.27) | 230.69 | <.001
Understanding | Knowledge of Al

Al in Society 475(1.47) | 563 (1.31) | 5.75(1.25) | 7145 | <001

Combined Score | 3.24 (1.25) | 4.68 (1.32) | 5.37 (1.20) 201.50 | <.001
Factual - 12 (4) 12 (5) 14 (9) 547 | .065
Understanding

As demonstrated in Figure 26, median scores steadily increased with training for all

the self-assessed measures. In contrast, median scores for Factual Understanding

remained relatively stable, suggesting that increased AI training did not result in

substantially higher Factual Understanding scores. These findings highlight the

limitations of using self-reported Al training as an indicator of Al literacy and the

importance of employing multifaceted assessment approaches.

Self-Assessed Competence
D
Factual Competence
S

Prior Al Training
E3d No Training

E3 Informal Training
E3 Formal Training

Figure 26: Medians for Self-assessed and Factual Al understanding across different Al training
levels.
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Figure 27 depicts calibration scores across Al training groups. Participants in the No
Training group tended to underestimate their literacy (mean = —0.79, SD = 1.07), while
those with Formal Training tended to overestimate their literacy (mean = 0.70, SD = 1.43).
In contrast, participants with Informal Training were relatively well-calibrated (mean =
0.18, SD = 1.09). A Kruskal-Wallis test confirmed a statistically significant difference in
calibration across groups (H = 89.90, df = 2, p < .001). Post-hoc pairwise Wilcoxon tests
with Bonferroni correction revealed that all group differences were statistically

significant (all p < .01).
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Figure 27: Boxplot showing calibration scores across Al training groups. Participants with no
training had a negative mean calibration score, indicating underestimation, while those with
formal training had a positive score, indicating overestimation. Participants with informal
training were closer to zero on average (the red dashed line at zero denotes perfect calibration).

5.5.4. Robustness of the Reverse Dunning-Kruger Effect

To investigate whether the reverse Dunning-Kruger pattern was simply an outcome of
dichotomizing self-assessment by median [209], we estimated regression models using
self-assessment as a continuous predictor of calibration mismatch. Specifically, we

regressed calibration score on Self-Assessed Understanding score while controlling for
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prior Al training and gender. Although Self-Assessed Understanding score was based on
ordinal data (i.e., Likert-scale), we treated it as continuous, which is consistent with

common practice [233,266].

Self-assessment was a strong predictor of calibration mismatch (b = 0.68, 95% CI [0.58,
0.77], p < .001). The results were consistent when using z-scored Self-Assessed
Understanding score as the predictor (b = 0.84, 95% CI[0.72, 0.96], p < .001). These findings
indicate that participants with low self-assessed understanding tended to underestimate
their understanding whereas those with higher self-assessments tended to overestimate.
Figure 28 shows the calibration curve, where the regression line falls below zero at low
self-assessment levels and rises above zero at higher levels, illustrating the reverse
Dunning-Kruger effect. More detailed results are available in the appendix (Appendix

C.11).

Calibration Score (z-Likert — z-multiple-choice)

1 2 3 4 5 6 7
Self-Assessed Understanding

Figure 28: Calibration curve plotting Self-Assessed Understanding against Calibration Score.
The upward-sloping regression line, crossing from negative calibration at low self-assessment
to positive calibration at high self-assessment, illustrates the reverse Dunning—Kruger effect.
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In contrast to the descriptive differences based on prior Al training observed in
Section 5.5.3, neither Informal nor Formal training groups differed significantly from the
No Training group once self-assessment was included in the model (p > .05). This indicates
that prior Al training influences calibration indirectly by shaping where participants
place themselves on the self-assessment scale rather than exerting a direct effect on
mismatch. Gender, however, showed a small but significant effect (b = -0.19, p = .039),
suggesting that, when holding self-assessment and training constant, men tended slightly

more toward underestimation.

Together these results suggest that the reverse Dunning-Kruger effect is robust to
alternate model specifications. The effect is primarily driven by self-assessment, with
gender contributing a modest influence. However, this robustness check does not fully
rule out the possibility of a broader mathematical artifact. Since we calculated calibration
as the difference between self-assessed and demonstrated understanding, self-assessment
was part of the outcome variable, while also being used as a predictor in the regression
model. This creates a structural dependency between the predictor and the outcome,
meaning that the calculation itself may produce part of the observed relationship rather
than the relationship reflecting only a psychological effect. Researchers have raised
similar concerns about the original Dunning-Kruger effect, suggesting that some
apparent patterns may result from statistical artifacts [128,177]. Although our analysis

shows the opposite direction, it involves a similar structural concern.

For this reason, we interpret the reverse Dunning-Kruger pattern cautiously. The
findings show that participants’ self-assessments did not always align with their

demonstrated knowledge, but we do not treat this pattern as definitive evidence of a
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stable cognitive bias. At the same time, the observed direction aligns with prior work on
metacognitive monitoring in human-AI interaction, where higher AI literacy was
associated with increased confidence but less accurate self-assessment of Al-assisted task
performance [117]. We therefore treat this result as evidence of a calibration concern in
Al literacy assessment, while acknowledging that the way we operationalized calibration

may partly shape the pattern.

5.6. Discussion

Our work presents the development and validation of a dual-format scale for assessing
Al literacy. Grounded in a widely cited Al literacy framework [207] and informed by
established guidelines for scale development [39,61,92,143], our instrument integrates
self-assessed (Likert-scale) and factual (multiple-choice) components to provide a
comprehensive view of Al literacy. The scale demonstrates strong psychometric

properties, with high internal consistency and evidence of construct validity.

5.6.1. Insights into Calibration and AI Understanding

Our findings demonstrate a weak correlation between participants’ self-assessed and
factual understanding, suggesting that perceived and demonstrated Al understanding are
not always closely aligned. Our findings also highlight calibration gaps when participants
were grouped by both self-assessed understanding and prior Al training, resembling a
reversal of the Dunning-Kruger effect [178]. Participants with low self-assessed Al
understanding tended to underestimate their understanding while those with high self-
assessed Al understanding overestimated theirs. Calibration patterns also varied across

prior Al training levels; participants with no formal Al training generally underestimated

139



Chapter 5

their understanding, those with informal training exhibited slight overestimation, and
participants with formal Al training tended to overestimate their understanding more
substantially. As shown in our regression analysis, the reverse Dunning-Kruger effect
[178] remained robust when self-assessment was modeled as a continuous predictor.
These calibration patterns challenge the common assumption that low-performers are
more likely to overestimate their abilities and suggest a more complex interplay between

confidence, Al literacy, and prior Al training.

Although these reversed patterns may seem counterintuitive, a closer reflection offers
a plausible explanation. Given the perceived complexity and ubiquity of Al in everyday
life, participants without formal training may lack confidence and undervalue their
understanding of basic concepts, believing that they “do not know enough”. This aligns
with prior work showing that self-perceptions are influenced not only by actual
knowledge, but also by task familiarity, perceived domain difficulty, and self-efficacy
beliefs [101,176]. With the landscape of AI changing rapidly, novices in Al may
experience imposter-like effects, underestimating their understanding despite holding
accurate or sufficient knowledge. Conversely, participants with formal exposure to Al
might generalize their expertise beyond its actual scope, leading to inflated self-
assessments. These results support the utility of dual-format assessment, which can
reveal such discrepancies. Additionally, our findings indicate that prior Al training alone
is not a reliable indicator of Al literacy, as training experience does not necessarily align

well with self-perception or demonstrated understanding.
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5.6.2. Conceptual and Measurement Challenges in Operationalizing AI Literacy

In defining the construct for our scale, we drew on a literature in which the terms Al
literacy [74,207,228,323], Al competence [60,74], and Al ability are often used
interchangeably and with considerable conceptual overlap. For example, Al literacy is
frequently defined as the ability to clearly explain how Al technologies work and impact
society, as well as to use them in an ethical and responsible manner and to effectively
communicate and collaborate with them in any setting [188]. On the other hand, Al
competence expands on these ideas by incorporating users’ confidence, self reflection,
and ability to apply their understanding in meaningful contexts [74]. Across both
constructs, ability is referenced but not clearly delineated, which further complicates
conceptual boundaries. Because our primary focus was to assess knowledge and
understanding, we selected Al literacy as the foundational construct and grounded our
work in one of the most widely cited definitions to preserve clarity and comparability
with prior scales. At the same time, we acknowledge that our operationalization includes
features that other researchers may associate with competence or ability, particularly in
relation to confidence and the use of knowledge in practical decisions. Future work
should examine how our scale aligns with Al competence-oriented frameworks and
consider whether reframing or extending the instrument as an Al competence measure

would offer a fuller account of users’ capacity to apply Al related knowledge in practice.

Operationalizing Long and Magerko’s Al literacy framework [207] involved trade-
offs between conceptual clarity, item feasibility, and psychometric quality. Certain
dimensions of the framework mapped more naturally to one format (e.g., ethics to Likert-

scale, data literacy to multiple-choice), yet we included parallel items across both formats
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to maintain conceptual alignment. Moreover, although we initially included items
representing 16 of the 17 dimensions of the Al literacy framework [207], item reduction
left Recognizing Al uncovered. The weak psychometric performance of our items related
to this concept likely reflects the inherent ambiguity in identifying Al in practice [166],

given the breadth and evolving nature of Al technologies.

5.6.3. Comparison to Existing Scales, Usage Guidelines, and Future Adaptability

Our scale differs from existing Al literacy assessment tools in several aspects. Most
notably, it integrates self-assessment and factual understanding within a single validated
scale, enabling triangulation between perceived and demonstrated understanding. Our
scale also emphasizes breadth, covering 15 core dimensions of the Al literacy framework
[207] with 37 items (19 Likert-scale, 18 multiple-choice), yet remains comparable in
length to existing instruments, which typically range from 10 to 35 items
[60,147,187,229,252,323]. Unlike many tools tailored to specific use cases, such as in
education contexts [229] or the workplace [252], our scale uses general-purpose items
(e.g., reasoning about algorithmic decisions, identifying risks in training datasets) for

broader applicability across diverse population and contexts.

The factual understanding component enhances the value of our scale but presents
challenges for long-term relevance given the rapid evolution of Al. As new Al paradigms
emerge, what constitutes essential Al knowledge is likely to shift. For example, items
related to the strengths and limitations of Al systems may need reinterpretation over
time. We therefore advocate periodic reviews of Al literacy scales to maintain relevance
and accuracy. Our IRT analysis further showed reduced sensitivity to differences among

highly knowledgeable participants, suggesting a need for more challenging items to
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enhance utility in expert-oriented contexts. A short-form version may also be useful

where efficiency is critical, though this typically comes at some cost to reliability [148].

To guide future use, we recommend administering the instrument as a two-part scale
that combines self-assessed and demonstrated Al literacy. The instrument consists of 19
Likert-scale items that yield two subscale scores corresponding to the two factors
(Functional Knowledge of Al and Al in Society) as well as an overall score based on all
items combined, and 18 MCQ items that form a single factual knowledge score. For the
self-assessment part, Likert-scale items are coded from 1 to 7 and subscale scores are
obtained by averaging items within each factor, and the overall self-assessment score can
be calculated as the mean of the 19 items. For the multiple-choice section, each item is
scored 1 for a correct answer and 0 for an incorrect response, then summed to get a
factual knowledge score. Although we developed and validated the two sections jointly
and encourage their combined use when researchers are interested in calibration between
perceived and factual understanding, the structure of our scale also supports modular
and longitudinal use. The two components do not assume a specific administration order,
and each part can be administered and interpreted independently when only self assessed
or only factual Al literacy is of interest. For example, the self-assessment (Likert-scale)
component may be appropriate for large-scale surveys or educational contexts where
quick insights into user confidence and perceptions are needed, whereas the factual
(multiple-choice) component may be more suitable for knowledge-based evaluations. In
longitudinal settings, the scale can allow researchers to track self-perceived and
demonstrated understanding in parallel over time, offering insight into whether

interventions improve knowledge, recalibrate confidence, or affect both simultaneously.
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5.6.4. Limitations and Threats to Validity

While our scale offers a psychometrically validated approach to assessing both perceived
and demonstrated Al understanding, there are limitations to our work that warrant
further investigation. At the internal level, as with many survey-based instruments,
participants’ guessing, lapses in attention, or fatigue may have influenced responses
despite the inclusion of quality checks. Regarding construct validity, some of the items
may also overlap with related concepts such as data [95,332] or digital literacy [186,214],
raising questions about the distinctiveness of Al literacy as captured by our scale. In
addition, although we used expert reviews and cognitive interviews to refine items, we
only relied on qualitive feedback from experts to iteratively improve items and did not
compute a formal content validity index (CVI or iCVI) [254]. As a result, we cannot
quantitatively report the degree of agreement on relevance across experts, which may
leave gaps in how comprehensively the items represent the broader construct of Al

literacy.

Beyond these construct-level consideration, our analytic choices also introduce
limitations. Although we refined the self-assessed items using both factor analysis and
IRT, we applied IRT alone to the multiple-choice components due to the unstable factor
structure in the dataset. This limited our ability to identify latent dimensions within the
factual items, constraining comparisons across formats at the construct level. Moreover,
while multiple-choice items offer practical benefits for assessing factual understanding,
they may be limited in their ability to capture the depth, nuance, and contextual
reasoning essential for real-world AI understanding. Future work could explore

complementary methods such as open-ended questions, scenario-based reasoning, or
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behavioral tasks to better assess deep understanding and practical Al literacy. External
validity is also a concern, since both of our samples were recruited through Prolific
platform, which largely represent a digitally literate, global-north demographic [303].
Our samples also skewed towards adults aged 25 to 34 with informal Al exposure. Future
validation should extend to different demographics and backgrounds, including older

adults, workers with low Al exposure, and adults in the global south.

Finally, although we found a reverse Dunning-Kruger effect in the calibration of
participants’ self-assessed and demonstrated Al understanding, our study does not reveal
the underlying causes of this effect. We discussed possible explanations for this effect in
Section 5.5, however, we acknowledge that alternative explanations exist. For example,
it is possible that the wording of the items resonated differently across participants with
different Al backgrounds and training. It is also possible that the scale captures certain
aspects of perceptions and attitudes toward Al more strongly than it captures the full
breadth of Al literacy. Moreover, our operationalization of calibration as the difference
between self-assessed and demonstrated understanding means that the observed pattern
should be interpreted cautiously, as it may partly reflect the structure of the measure
itself rather than a stable cognitive bias. Future work should systematically investigate
these possibilities to produce a deeper understanding of the calibration patterns observed

in this study.

5.6.5. Implications for Design

Our dual-format scale has practical applicability for the design and evaluation of Al
systems. In XAlI, tailoring explanations to users’ prior knowledge is a recurring goal

[1,110,179,180,223], yet most systems lack reliable ways to distinguish between users who
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misunderstand, underappreciate, or lack confidence in AI output. By capturing both
perceived and demonstrated understanding, our scale enables more targeted
personalization. For example, users with high confidence but low factual understanding
may benefit from guidance from the systems, while underconfident but knowledgeable
users might need reassurance or opportunities to validate their reasoning. In adaptive
systems, this distinction could guide how explanation detail [181] or modality [302] is
adjusted based on individual profiles. As an illustrative example, a writing assistant could
measure Al literacy during system onboarding and adapt interaction accordingly: novices
might receive strong guardrails and brief rationales [6,179], intermediates could be
offered comparison explanations that highlight alternatives [38,96], and advanced users
could gain access to model [225] or data cards [127] alongside more direct prompt
controls. Such tailoring could reduce AI error acceptance among novices, while
enhancing task success and efficiency for advanced users. Similar personalization applies
in educational [215,325] and system onboarding contexts [9,55], where the scale can
differentiate between those who need conceptual instruction and those who may benefit

more from confidence-building strategies.

Our Al literacy scale can also support identifying and addressing intervention-
generated inequalities [316] by assisting in technologies audits [47,259]. It can reveal
when an intervention increases users’ confidence without improving their factual
understanding, or benefits highly knowledgeable users disproportionately while leaving
others underserved. Detecting such mismatches can inform redesign or instructional

strategies to ensure more equitable impact. In this way, the scale can not only highlight
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inequities but also guide more equitable educational and technological practices that

foster inclusion and avoid reinforcing existing divides.

5.7. Summary

In this chapter, we introduced and validated a dual-format scale for assessing Al literacy
that combines self-assessed and factual measures. Beyond establishing the psychometric
validity of the scale, our work also revealed misalignment between people’s perceived
and factual understanding, with patterns that challenge common assumptions about
overconfidence. By offering a comprehensive and diagnostic understanding of Al literacy,
our scale supports identifying gaps between people’s confidence and their actual
understanding, evaluating educational and technological interventions, and advancing

equitable system design.
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Chapter 6

Reflections on Designing Effective (Training Dataset)
Explanations for Diverse Users: Insights, Challenges,

and Considerations

This dissertation investigates how to design effective training dataset explanations for
diverse users through three complementary studies. Together, these studies reveal key
opportunities and trade-offs in supporting a wide range of users. In this chapter, we first
synthesize and reflect on the insights gathered from the three studies. Next, we discuss
considerations and challenges for designing training dataset explanations for broad
audiences. Finally, we reflect on the methodological challenges encountered in this

dissertation.
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6.1. Insights

6.1.1. Interaction Between Explanation Design Factors and Users’ AI Knowledge

The first two studies of this dissertation explore how presentation style and information
depth (i.e., design factors) influence users’ understanding of training dataset explanations
and their assessments of Al systems. A central insight from these studies is that the
effectiveness of explanations is shaped not only by what information is included but also
by how the information is communicated. In the presentation style study (Chapter 3),
both the Data Story and Q&A-based approach conveyed the same underlying content,
yet participants focused on different aspects of the explanation depending on the
presentation format. A similar pattern emerged in the information depth study (Chapter
4), where participants’ focus on the explanation content shifted with the level of detail.
Summary explanations abstracted away finer-grained details, which limited users’ ability
to engage with specific aspects of the training data but tended to encourage a holistic
interpretation of the explanation. In contrast, detailed explanations offered richer, more
specific insight at the cost of increased cognitive effort and often drew attention to
specific aspects of the explanation. These results illustrate how design choices can

influence users’ interpretation and usage of explanations.

While these patterns may appear somewhat intuitive, they are conceptually
important because XAl research has often emphasized explanation content as one of the
primary determinant of effectiveness [181,227,320], with explanations that share the
same core information commonly treated as functionally comparable in evaluation

practices. Our findings challenge this assumption by showing that even when
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informational content is held constant, design choices can alter user understanding and

system perceptions.

Across both of these studies, we also observed indications that participants with
different AI backgrounds interpreted and evaluated the explanations in distinct ways.
Although we did not examine these differences systematically (owing to challenges in
categorizing participants according to their Al knowledge), this variability highlights that
the effectiveness of explanation design does not operate independently of its audience.
Rather, explanation effectiveness is multifaceted and emerges from the interaction
between design features, users’ Al knowledge and experiences, and explanation use cases.
This motivates Al literacy-aware design and evaluation practices that move beyond one-
size-fits-all transparency. Our third study (Chapter 5), which developed a scale to assess
Al literacy, provides an initial step toward more systematic investigation of these user-

level differences.

6.1.2. Calibration Insights and Design Implications from AI Literacy Scale

Our dual-format Al literacy scale revealed mismatches between users’ perceived and
demonstrated Al understanding. The reverse Dunning-Kruger pattern we observed
indicates that some participants expressed high confidence in their AI understanding
while scoring relatively low on the factual items, whereas others underestimated their
competence despite strong performance. These patterns of overestimation and
underestimation indicate that users differ not only in how much Al knowledge they
possess, but also in how they judge their own level of understanding. Our findings point
to calibration between perceived and demonstrated understanding as a potentially

important user characteristic for future work on explanation design and evaluation. For
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example, underestimation may warrant confidence building explanation strategies, such
as clearer affirmations of what users already understand, whereas overestimation may
call for explanation designs that surface potential gaps in understanding and direct users

toward resources that strengthen their underlying knowledge.

The reverse Dunning-Kruger pattern we observed also complicates existing concerns
that explanations can contribute to overreliance by increasing users’ trust in Al systems
without a corresponding increase in understanding [25,247,255,326,340]. Prior work has
shown that explanations can raise users’ confidence and willingness to rely on system
outputs even when their mental models remain incomplete [25,163,255]. Our results shed
light on how this effect might unfold in practice: when users overestimate their Al
knowledge, they may also overestimate how well they have understood an explanation,
resulting into placing unwarranted trust in the system. Conversely, users who
underestimate their knowledge may be less inclined to question outputs or may defer
more readily to the system, even when an explanation provides enough information to
support a reasonable critique. More broadly, these miscalibration patterns highlight how
poor calibration may shape how users interpret and rely on explanations, reinforcing the
need for explanation designs that support both understanding and more accurate self-

assessment.

Our scale development also highlighted practical challenges and opportunities in
operationalizing AI literacy for diverse populations. Although the self-assessment
component yielded two factors, the high correlation between them suggests either that
users may experience technical and societal dimensions of Al knowledge as closely

intertwined in practice, or that the scale does not fully disentangle these dimensions. This
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overlap between technical and societal dimensions of self-assessed AI knowledge
cautions against explanation strategies that assume clearly distinct “technical” and “social”
user profiles and focus designs on only one dimension at a time. At the same time, the
multiple-choice items formed a single dimension, which limits the scale’s ability to
distinguish between types of objective Al knowledge and points to the need to expand

and refine the item pool in future work.

6.1.3. Adaptive Explanation Interfaces and Onboarding

The findings from our explanation design studies and our AI literacy scale also bring
forward a range of opportunities for flexible interaction and for developing transparency
mechanisms that better support diverse users. In particular, these findings highlight the
importance of flexibility during early, exploratory onboarding interactions, when users
are still forming initial understandings of system behavior. The first two studies show
that explanation design choices such as presentation style and information depth
systematically shape what people notice and how they interpret system behavior. Given
that these effects are not uniform across users or contexts, these results suggest a
potential need for adaptive explanation interfaces rather than one-size-fits-all formats.
Interfaces could offer flexible pathways that allow users to adjust the level of depth, move
between narrative and modular structures, and access additional context on demand.
Such adaptability can support a wide range of users by matching the complexity of
explanations to their immediate goals, while still preserving opportunities for deeper

exploration when desired.
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6.2. Considerations

6.2.1. Balancing Transparency, Usability, and Learning

Our studies revealed that participants found training dataset explanations beneficial.
However, across the explanation designs we examined, data-centric transparency
surfaced a familiar tension between transparency and cognitive effort [181,278]. In
particular, Chapter 4 showed that more detailed explanations were associated with
higher perceived understanding and trust, but also with noticeably greater mental effort.
Progressive disclosure improved perceived learning, but it provided only limited support

to manage the cognitive demands introduced by detailed explanations.

Although participants preferred detailed explanations, this preference was observed
within the range of explanation detail studied in this dissertation and may not extend to
explanations that introduce substantially greater volume or complexity. Prior work has
shown that excessive detail can leave users frustrated, hinder their ability to process
information, and reduce the overall usability [69,167,181]. Designers must therefore
consider not only what information to reveal but also how much information users can
absorb at a time. Adaptive interfaces may provide a potential path forward by adjusting
explanation detail to better align users’ capacities and needs. The Al literacy scale
developed in this dissertation provides one mechanism for supporting such adaptation,

enabling systems to tailor explanation for a diverse set of users.

6.2.2. Designing for Actionability, Not Just Transparency

Across our studies, explanations improved participants’ perceived understanding of the

training data and shaped their perceptions of fairness and trust. However, they offered
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limited support for translating that understanding into concrete actions. This pattern
reflects a broader explainability challenge in which explanations succeed at informing
users but fall short of enabling action [107,196,197]. When explanations stop at
interpretation, they can increase users’ confidence without providing a clear pathway for
what to do next, which can contribute to passive acceptance [197] or inappropriate
reliance [25,46,196,255]. This highlights an important distinction between transparency

as information provision and transparency as a basis for action.

For data-centric explanations in particular, translating insight into action remains an
open design problem because what users should do next depends on their role and the
organization’s workflow, not just the explanation itself. Our studies showed improved
understanding and trust without corresponding support for determining what to do next
with training dataset explanations. Accordingly, actionability emerges as a key next
design challenge for data-centric explanations, one that can be explored by pairing
explanatory insights with plausible next steps at the point of use [5,284,314]. In the
context of training dataset explanations, this might include options to inspect relevant
data subsets, compare groups or time periods, report concerns, view alternatives, or
escalate issues to human oversight. Future work on training dataset explanations should
examine how explanatory insights can be meaningfully integrated into users’ existing

roles, workflows, and decision-making practices.

6.2.3. Intervention-Generated Inequalities in Training Dataset Explanations

Prior work defines intervention-generated inequalities as well-intentioned design
choices that unintentionally amplify inequalities among users [316]. Our findings offer

initial indications that explanation designs can benefit users differently, pointing to
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conditions under which training dataset explanations may give rise to intervention-
generated inequalities. This aligns with prior research demonstrating that individual
differences influence how users engage with and benefit from explanatory interventions.
For example, prior work on individual traits such as Need for Cognition (i.e., a stable
personality trait that reflects how much a person enjoys engaging in cognitively
demanding activities [53]) has shown that users can receive uneven benefits from the

same intervention.

Our findings point to the importance of considering additional, design-relevant user
characteristics that shape how explanations are interpreted and used. In particular, our
results highlight variability in how users benefit from different explanation designs,
pointing to the potential role of differences in users’ Al knowledge and experiences. One-
size-fits-all explanation strategies therefore may risk unintentionally privileging users
who are already better equipped to engage with training dataset explanations, while
leaving others less supported in making sense of the information [249]. This highlights
the need for explanation approaches that explicitly account for variation in users’

backgrounds, rather than assuming uniform ability to engage with explanations.

The AI literacy scale introduced in this dissertation provides a practical tool for
studying and operationalizing such user-level differences. By capturing variation in users’
conceptual understanding of Al, as well as discrepancies between self-assessed and
demonstrated knowledge, the scale can enable researchers to examine how different
explanation designs interact with user capabilities. This, in turn, supports future work on
literacy-aware explanation systems that adapt explanation depth, structure, or format to

better support a diverse range of users.
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6.3. Methodological Reflections and Challenges

6.3.1. Motivating Engagement Through Structured Critique Tasks

Motivating participants to critically reflect on explanation content in a scenario-based
study presents a methodological challenge [46]. To address this, we simulated external
motivation by asking participants to perform a SWOT analysis task. While this approach
supported engagement, it may also have prompted deeper and more deliberate
interaction with the explanations than what one might see in a more ecologically valid
setting. Therefore, engaging users with the explanation content outside of study contexts
might also require facilitating similar structured tasks (e.g., SWOT or SCORE [344]
analyses) or providing other types of critiquing frameworks (e.g., Data Experience
Critique framework [321]). Future work should conduct field studies to investigate how
to engage participants with long-format explanations outside of a study context. Future
research should also examine the generalizability of our findings to a broader variety of
tasks, including those that do not inherently prompt critical thinking, such as simple

information retrieval [213] or decision-support tasks [237].

6.3.2. Reflections on Hybrid and Remote Study Participation

For the studies in this dissertation, we recruited participants from a range of sources,
including local participants (e.g., university students, snowball sampling), remote
participants (e.g., recruited from online platforms such as Reddit, LinkedIn, and X), and
crowdsourced participants (e.g., recruited from Prolific). The first study (Chapter 3) was
conducted during a period of transition following the COVID-19 pandemic. With in-

person studies previously being a norm in HCI research and respecting users’ preferences,
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we conducted the study in a hybrid setting that accommodated both remote and in-
person participation. This approach increased flexibility and broadened the participant
pool, but it also raised concerns during peer review regarding methodological
consistency. In response to these concerns, we conducted our following study (Chapter

4) in a fully remote setting.

Conducting studies in different formats allowed us to reflect on the trade-offs
between hybrid and remote participation. Hybrid studies broadened the participant pool
and attracted more intrinsically motivated participants, particularly for in-person
sessions. However, hybrid formats also introduced concerns related to consistency across
study conditions, such as differences in participant environment and researcher presence.
In contrast, remote studies expanded the participant pool and made participants feel more
at ease in their own environments, but they also presented additional challenges,
including reduced environmental control and technical difficulties. Remote studies were
also more vulnerable to variability in participant effort and attention, which introduced

additional noise into the data.

These observations motivate a set of methodological considerations for future studies.
In our studies, we found pre-screening questionnaires helpful for identifying participants
who were willing to engage more carefully with the tasks, particularly in remote settings.
We also experimented with emphasizing both intrinsic motivations (e.g., framing the
study as a learning opportunity) and extrinsic incentives (e.g., monetary compensation),
which appeared to support engagement in our context. When the study context permits,

our experience suggests that remote participation can be effective, as its flexibility and
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broader reach may outweigh some of the limitations observed in hybrid formats. We

presented these reflections and trade-offs in a workshop paper at IEEE VL/HCC 2024 [10].

6.3.3. Challenges to Measuring Users’ Understanding of Explanations

Measuring users’ understanding is a well-known challenge across many research areas.
In our studies, we approached this challenge by foregrounding critique-based measures,
complemented by comprehension questions and self-reported assessments, to capture

different facets of users’ understanding of both the explanations and the Al systems.

Our use of critique-based measures was motivated by prior work suggesting that
comprehension is at the highest level when the reader can apply their understanding
beyond the information explicitly presented [4]. Accordingly, we assessed participants’
comprehension of the explanation through their critique coverage and a broad
assessment of their critique accuracy. However, evaluating critique accuracy proved
challenging due to variability in how participants interpreted the same information and
the absence of a clear ground truth (i.e., an objective standard used to evaluate the
correctness of participants' critiques) [337]. These challenges highlight the difficulty of
operationalizing comprehension when explanations invite interpretation and contextual

reasoning rather than fixed answers.

To complement critique-based measures, we also used comprehension questions as
an objective assessment of understanding. While comprehension questions can provide
a more direct assessment of understanding, their effectiveness depends heavily on how
they are designed and scoped. For example, a larger number of questions or questions

probing deeper reasoning could yield more fine-grained insights, but may also increase
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participant burden and require participants to draw on background knowledge beyond
what is provided in the explanation. In our case, the comprehension questions were
intentionally designed at a surface level to ensure they could be answered based solely
on the explanation, without requiring additional prior knowledge. As a result, these
questions primarily captured basic recall and recognition rather than deeper reasoning
about the system. Future work should explore alternative question designs that balance
depth and coverage and are understandable to a broad range of users based on the

information provided in the explanation.

We also included self-reported measures of understanding to capture participants’
subjective perceptions. While such measures offer a straightforward and efficient way to
collect data, prior work has questioned their reliability, as self-reported understanding
may not accurately reflect actual comprehension [84,315]. This concern was also evident
in our data, reinforcing the need to interpret subjective measures alongside other

indicators of understanding.

More broadly, given that comprehension can be influenced by multiple factors [309],
including text structure and vocabulary, reading skills, motivation and interest, and task
context, developing methods to assess explanation comprehension in a rigorous, tractable,
and accurate manner remains an important future research direction. These efforts may
be complemented by additional data collection techniques, such as think-aloud protocols
[289] or eye-tracking [32,221], to help interpret comprehension outcomes by revealing

how users attend to and reason about explanation content.
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6.3.4. Reflections on the Context and Task Specificity

Throughout this work, we defined Al systems and explanations at a relatively high level,
with limited specification of domain constraints, task requirements, and decision
consequences. We focused on high-stakes domains in our study scenarios, as earlier work
on training dataset explanations suggested greater relevance in such contexts [8].
However, defining Al systems and explanations at this level of abstraction introduces an

important consideration for interpreting the findings.

In practice, explanations are encountered within situated activities shaped by domain
expectations, workflow constraints, and varying consequences of decision-making. As a
result, what constitutes an effective explanation, or what qualifies as sufficient
understanding, may vary substantially across contexts. This has direct implications for
both the design and evaluation of explanations. For example, professionals reviewing Al-
assisted recommendations in high-stakes environments may require different levels of
detail, structure, and actionability compared with lay users interacting with Al in
everyday settings. Treating explanations as context-independent constructs may
therefore overlook important variations in how explanations are interpreted and

evaluated.

This observation points to an important avenue for future work by encouraging more
explicitly situated evaluations that examine how explanation design interacts with task
goals, domain practices, and user roles. Such context-sensitive investigations would help
clarify the generalizability of the findings presented here and support the development

of explanation approaches that are aligned with real-world usage conditions.
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6.4. Summary

This chapter reflected on the empirical findings and methodological experiences across
the studies in this dissertation. Collectively, the studies highlight that the effectiveness
of training dataset explanations depends on the interaction between explanation design
choices, such as presentation style and information depth, and users’ Al literacy, contexts
of use, and cognitive resources. The chapter also emphasized calibration between
perceived and demonstrated understanding as a key consideration for explanation design
and evaluation. In addition, it surfaced broader design and methodological challenges,
including supporting actionability, mitigating uneven benefits across users, and
rigorously assessing explanation comprehension. These reflections motivate Al literacy-
aware explanation approaches and more rigorous evaluation practices that move beyond

one-size-fits-all transparency.
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Conclusion

Despite the central role of training data in shaping the behavior and limitations of Al
systems, data-centric transparency remains limited in practice. As a result, users often
lack critical context about the systems they rely on, which limits their ability to assess
outputs, make informed decisions, and collaborate with Al effectively. To support more
transparent and informed use of Al systems, we need to understand how to design
training dataset explanations that can serve a wide range of users. With this motivation,
this dissertation investigates how design choices in training dataset explanations shape
users’ understanding of explanations and their assessments of Al systems, as well as
introduces a validated instrument for assessing users’ Al literacy to support designing

explanations for diverse users.

Across three complementary studies, this dissertation provides empirical evidence on
how training dataset explanations shape users’ understanding and assessments of Al

systems, while identifying design trade-offs and offering guidance on using presentation
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style and information depth when crafting explanations. It also delivers a dual-format Al
literacy instrument that can enable future researchers to comprehensively assess users’
Al literacy and design explanations that are responsive to users’ needs. This chapter
summarizes the dissertation’s key contributions and limitations, as well as promising

avenues for future work.

7.1. Thesis Contributions

At a broad level, this dissertation highlights that an effective explanation results from a
successful interaction among explanation content, presentation, and the user. This
perspective treats explanations as elements that become meaningful only through users’
interactions with them. The studies reveal variation in how users make sense of and use
training dataset explanations. This motivates future work to investigate whether
adaptive explanation strategies that respond to users’ Al literacy and related individual
differences can better support comprehension and informed Al-supported decision

making. Below we discuss the dissertation’s primary contributions.

7.1.1. Contributions to Assessing Users’ Understanding of Explanations

The dissertation provides empirical evidence on how presentation style and information
depth of training dataset explanations shape users’ understanding, perceptions, and
assessments of Al systems. By comparing training dataset explanations presented as a
Data Story and in a Q&A-based approach with the same underlying information, we
show that structure and framing of information influence what users notice, how they
interpret the explanation, and the types of concerns they raise. Similarly, the exploration

of information depth and progressive disclosure reveals trade-offs between clarity,
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cognitive load, and perceived learning. These findings move explainability research
toward a more nuanced understanding of how specific design decisions impact user

outcomes.

Beyond explanation design, this research also contributes insights into how users
engage with training dataset explanations during onboarding settings. While onboarding
has been identified as an important context for Al systems, this dissertation present
concrete findings on how training dataset explanations are used and interpreted to form
initial impressions of a system’s strengths and weaknesses. These findings support the
importance of onboarding as a critical phase for explanation design and provide guidance
for creating explanatory materials that support users who are encountering an Al system

for the first time.

7.1.2. Contributions to User Modeling and AI Literacy Measurement

Another key contribution of the dissertation is the development and validation of a dual-
format scale for assessing users’ Al literacy. The scale combines self-assessed and
demonstrated Al understanding into a dual-format structure that provides a richer and
more generalizable measurement framework for capturing users’ Al knowledge and
experiences, enabling future research to examine calibration and miscalibration in
explanation evaluation. The validation process establishes the scale as a psychometrically
sound instrument with stable factor structure, strong reliability, and well-performing
items across both its self-assessed and factual components. This instrument has the
potential to support researchers and designers in characterizing user populations,
tailoring explanation strategies, and identifying differences between self-assessed and

demonstrated Al understanding.
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The dissertation also provides early evidence for a reverse Dunning-Kruger pattern
in the calibration of users self-assessed and demonstrated AI understanding. This finding
highlights challenges in relying solely on subjective measures when designing
explanations or evaluating user abilities. It underscores the need for multi-dimensional
assessments that capture both confidence and knowledge to support equitable and

informed human-centered Al design.

7.1.3. Methodological Contributions

From a methodological perspective, this work offers contributions that can support future
human-centered XAl research. It introduces critiquing as an explanation goal. By asking
users to critique Al systems based on the training dataset explanations, we gained insight
into how users interpret, integrate, and apply explanatory information and how this, in
turn, shaped their assessment of the systems. This approach complements traditional
comprehension measures by capturing the analytical and evaluative reasoning that users

perform when interacting with Al systems.

7.1.4. Contributions to Human-Centered Explainable Al

By foregrounding training dataset as a critical aspect of transparency, this research
contributes to the field of human-centered explainable AI. Through empirical
examination of how people use training dataset explanations and how design factors
shape impact that usage, this work expands the scope of human-centered XAI research
and highlights the value of data-centric transparency in supporting users’ assessment of
Al systems. It contributes to the reframing of transparency from model-centric

transparency to a more socio-technical artifacts that data used to train the system, the
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design decisions that shaped the system, and the humans behind it. In doing so, it
highlights that explanation design must account not only for what the model does, but
also for how the data was collected, curated, and used, and how users make sense of this
information. This supports a broader shift toward explanation practices that are aligned

with the needs and expectations of users.

7.2. Limitations

7.2.1. Scenario-Based Study

Both our explanation design studies (Chapter 3 and 4) employed a scenario-based
approach. While this aligns with many prior studies on Al explainability [8,38,103-
105,191,297] and allowed us to isolate the effects of presentation style and information
depth, it may not fully capture the complexities and nuances of real-world applications.
Future studies should validate our findings in more real-world settings that involve users
in deployed or domain-specific contexts, domain knowledge, and situated decision-

making.

7.2.2. Generalizability Across Contexts

Our explanation design studies were conducted in a controlled setting with task-specific
contexts (e.g., critiquing training dataset explanations). While this provided experimental
control, it may limit the transferability of findings to other forms of Al explanations such
as decision-level, model-level, or counterfactual explanations. Our findings might not be
applicable to different Al system scenarios. For example, with lower-stakes systems,

users might be less motivated to engage with the explanation [48]. The characteristics of
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the training dataset might also influence the nature of the findings, for example, some
training datasets might be more difficult to describe (e.g., audio recordings or videos),
leading to poorer comprehension than we observed. The types of information provided
in the explanation might also influence the direction of users’ critiques. Future work

should explore how these findings hold across domains, systems, and usage contexts.

Our studies focused on onboarding scenarios, which represent only one stage of the
Al use cycle. Future research should investigate other stages of the Al workflow and
examine these dynamics in real deployment settings across varied domains. Additionally,
since this dissertation focused on immediate comprehension and critique, longitudinal
studies are also needed to understand how explanations affect learning, calibration, trust,

and decision quality over time.

7.2.3. Sampling Bias and Participant Diversity

Participants in our studies were recruited from a wide range of channels (e.g., university
students, snowball sampling, online platforms such as Reddit, X and LinkedIn, and the
Prolific platform). This recruitment strategy introduced diversity in age, gender,
professional roles, and geographic backgrounds, as well as variation in participants’ prior
experience with Al. While the sample was diverse in these respects, it may not fully
reflect broader populations with respect to Al literacy, cultural expectations, educational
backgrounds, or linguistic diversity. Across studies, our participant pool tended to be on
the higher end of both education and Al literacy, which means the findings may not
capture the needs and behaviors of individuals who are underrepresented in online
research or who have limited digital access. In addition, while this dissertation

acknowledges that users vary widely in their knowledge and experiences, the studies did
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not deeply examine how intersectional factors such as gender, language, or
socioeconomic status shape Al literacy or explanation effectiveness. Addressing these
dimensions in future work would support the creation of explanations that are more

inclusive, equitable, and sensitive to varied user experiences.

7.3. Future Research Directions

7.3.1. Advancing Adaptive and User-Aware Explanation Systems

A key direction for future work is leveraging the Al literacy scale to categorize users and
investigate how individuals with different levels of Al literacy use training dataset
explanations. Such studies can help advance explanations that adapt to users in real time.
Future research can also pursue sociotechnical co-design of explanations by collaborating
with actual system users, domain experts, and marginalized groups. This would enable
researchers to identify which forms of dataset knowledge are most relevant to different
interested parties and use these insights to inform explanation design. Finally, training
datasets shape not only Al outputs but also institutional decision-making practices.
Future work should examine how training dataset explanations relate to practices in
auditing, regulation, and public communication, as well as how this transparency

influences broader accountability practices.

7.3.2. Operationalizing Richer Models of Al Literacy and Competence

Although we operationalized Al literacy through Long and Magerko’s widely cited
framework [207], both Al literacy and Al competence are evolving concepts and multiple

overlapping definitions and constructs exist. The dual-format Al literacy scale introduced
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here opens opportunities for richer theoretical development and more refined
measurement of Al literacy and competence. Future research can refine the construct,
improve measurement models, and examine how Al literacy develops over time. There
is also value in studying how competence relates to real-world behaviors, such as
appropriate reliance, misuse, overreliance, or avoidance of Al systems. These directions
can help establish Al literacy as a practical and predictive framework for guiding

explanation design and evaluating user interactions with Al systems.

7.3.3. Extending Transparency Beyond Training Datasets

While we broaden system transparency by promoting and investigating data-centric
transparency, future work can further extend transparency beyond the training dataset
to illuminate other stages of the Al pipeline that also shape system behavior. For example,
explanations can describe elements of the training process such as objectives, tuning
procedures, and evaluation practices in accessible terms that help users build a grounded
understanding of how the system learned from the data. Further, explanations can
illustrate how model behavior is refined through human oversight during training and
validation, including how researchers interpret errors, adjust model settings, and decide
when a model is considered acceptable for deployment. These forms of process-level
transparency would complement training dataset explanations by showing not only what
the data contains but also how it is used to shape system behavior, supporting more

informed reasoning about system capabilities and limitations.

Transparency could also extend into deployment contexts where systems encounter
real world constraints, distribution shifts, and evolving data. Users may benefit from

explanations about system boundaries, known failure patterns, and how updates affect
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behavior over time. These forms of contextual and dynamic transparency could help
users understand when to trust the system, when to intervene, and how to adapt their
expectations as the system changes. Transparency is also social in that it makes visible
the socio-organizational context around Al mediated decisions, including who designs
and operates the system, what they do, and when and why key decisions are made. Future
work could design and evaluate transparency mechanisms that jointly convey data
practices, model behavior, deployment conditions, and the socio-organizational context
of Al decisions [103]. Together, these directions shift transparency toward a more holistic

approach that supports informed, responsible, and context-aware use of Al systems.

7.3.4. Exploring Other Explainability Pitfalls

We explored information depth as both a design factor and explainability pitfall. This
leaves opportunities to examine other pitfalls. Future work should investigate additional
pitfalls (outlined in Chapter 4) such as misinterpretation, frustration, lack of actionability
to understand how they arise in the design and deployment of explanations and how they
influence users’ understanding, trust, and decision making. Such work can inform the
development of pitfall-aware explanation strategies that explicitly anticipate, surface,
and mitigate these issues rather than treating them as afterthoughts. By integrating
knowledge about explanation pitfalls into the design process, future work can help
ensure that explanations remain effective, support critical engagement, and provide as

much benefit as possible to the people who rely on Al systems.
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7.3.5. Long-Term Vision

This dissertation lays the foundation for a broader agenda that advances user-centered
transparency in Al systems by integrating design, evaluation, and measurement. Across
the three studies, we showed that specific design factors shape how users comprehend
training dataset explanations and, in turn, how they assess the Al systems that rely on
those datasets. The findings also underline that there is no one-size-fits-all solutions for
effective explanations. A long-term goal is to build explanation ecosystems that adjust
their depth, structure, and delivery to match the needs, abilities, and contexts of diverse
users. The Al literacy scale we developed (and related tools) provides paths toward such
adaptation by offering a way to assess users’ Al understanding and to use this
information to guide explanation design. Doing so will require continued work on
transparent data practices, more robust measurement of AI literacy, and richer
understanding of how users reason about Al systems’ behavior in real settings. By
continuing to refine explanation designs, evaluate their impact in real-world settings, and
improve the tools for assessing users’ Al literacy, the field can move toward Al systems
that are more equitable, trustworthy, and better support informed human-AI

collaboration.
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Appendix A — Presentation Style Study Documents

A.1. Data Story Presentation for the Training Dataset Explanation

The explanation was presented as a single webpage where participants would scroll
through it. The items would appear with animations, and participant could interact with

the images and graphs.
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Insights into the Data Used in the Hiring
Systems

Following industry trends, Company “A” is planning to use an automated system based on
machine-learning algorithms to inform their hiring decisions.

To train their system (i.e., to teach the system to properly interpret data and learn from it), they
used an internal company dataset. We looked at the documentation provided for the dataset and
using that knowledge, we can talk about the important properties of the dataset. We discuss the
types of data the dataset contains, the individuals in the data, and how the data was collected,
processed, and have been used till now.

The dataset contains data from the resumes of 17562 applicants. Now, what does each piece of
data really tell us about the applicants?

For each applicant, the dataset contains information about 15 attributes. This includes attributes
like -
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Among the applicants, 60% are men.
The other 40% are women (37%)
and non-binary (3%) people.

In terms of age, most individuals are
26 to 35 The number of applicants
over 55 years old is the lowest. The
other age brackets have similar

numbers of applicants.

Gender of the applicants

Age range for the applicants (in %)

and 35 years,

Between 36
and 45 years|

Between 46
and 55 years|

Over 55 years
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For the ethnicity of the applicants, the dataset dominantly contains applicants who identify as
White. For all other ethnicities, there are a few to a moderate number of applicants present in the
dataset.

Ethnicity of the population in the
dataset

# White Brown Hispanic# Asian# Black# Others

=po =e =Pe =Pe = = =Pe =Pe =P =Pe
=e =e =Pe =Pe = = ZPe =Pe =P =Pe
= =Pe =P =Po =+ = =Pe =P =Pe =P+
o =Be =Be =P+ = = e =Pe =P =Pe
=po =e =e =Pe = =e =i =Pe =Pe =P
=o =e =Pe =Pe =Po e =+ =Pe =P =Pe
=De = =iPe =P =P =P = =Pe =P =Pe
o =o =Pe =Pe =Po =P =P+ =Po =P =Pe
=e =P =Po =+ =Pe =P+ =P =P =Pe =Po
=e =P =Po e =P =P+ =P =P Po =Po

# A Flourish data visualization

The dataset contains applicants from a range of countries; however, the majority are from the USA.

“ 4

Gy

204



Appendices

So, we get a sense of the demographics of the applicants that was in the dataset. Let's now move
our focus to how the data was collected.

In 2020, Company “A” conducted the data collection using the resumes they received between
2016 and 2020.

To gather relevant data from the resumes, they followed a sequence of steps. First, they extracted
all the relevant attributes about the applicants from the resumes using an automated process (i.e., a
computer program). These attributes were then stored in the dataset and all the other information
about the applicants in the resumes was discarded.

After using the automated process, the company manually analyzed a randomly selected set of
resumes to check the accuracy of the automated process in extracting applicants’ attributes from
their resumes. The company was satisfied with the general accuracy of the automation and moved
on to the next step of processing the data.

You can get a overview of the collection process in the following pictures.

DATA
COLLECTED

The company conducted the data collection process based on the resumes they received
between 2016 and 2020.
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Applicants' relevant attributes were extracted from the resumes using an automated process

(i.e., a computer program).

These attributes were then stored in the dataset.
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A manual evaluation was done for a randomly selected set of resumes to check the accuracy of

the automated process in extracting applicants' attributes.

The company went through several processing steps to finalize the dataset.

The automated process left some attributes blank for some of the applicants. When possible, the
company filled these missing attributes with average values from the other applicants’ data.
Otherwise, the applicant’s data was deleted from the dataset.

For educational qualifications and results, the people involved in the processing transformed the
information into a value on a single scale to allow for better comparisons between applicants. They
also assigned numerical values to prior experiences in terms of years spent at a position at a certain
level.

Finally, each applicant’s application was categorized and assigned a label by the people involved in
the data processing. They used three different labels (“Recommended”, “Waitlisted”, and
“Rejected”) to categorize the applications. The labels were based on the actual decisions about the
applicants when they applied to the company previously.

You can get a overview of the processings in the following pictures.
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The outcome from the automated process had blank attributes for some of the applicants.

When possible, the company filled these missing attributes with average values from the other

applicants’ data. Otherwise, the applicant’s data was deleted from the dataset.
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A

Education

- R
il

K9

Among the stored attributes, educational qualifications were converted into a single scale for
better comparisons. Numerical values were used to represent prior experiences.

Each applicant’s application is assigned a label. A total of three labels were used in the process
(“Recommended”, “Waitlisted”, “Rejected™).
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Finally, in 2021, the dataset was ready for use. After the above-mentioned process to prepare the
dataset, it was finalized and released for internal use in 2021. The company states that other
companies can also use this dataset. However, to get access to this dataset, they would need to
contact Company “A”, since the dataset is not publicly released.

To date, company “A” is not aware of anybody else using their dataset.

This concludes the discussion on the attributes and the population of the dataset. The information
seems a fair starting point to get insights into the fundamentals of the dataset. More information is

available on-demand when requested to the dataset owners.
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A.2. Q&A-based Presentation for the Training Dataset Explanation

One snippet of every category in the explanation is provided. The answers for the rest of
the questions in each category (along with the questions) are also provided in this

appendix.

The system's decisions/recommendations are influenced by its training dataset and how that is used to train the system. The
training dataset for this hiring system has the following characteristics.

Information about the amount of data, the source of the data, the
collectors, and the labeling process v

How many instances are in the dataset? v

The dataset contains data from resumes of 17562 applicants. For each applicant, the dataset contains information about 15
attributes. This includes attributes like - Education, Experience, Skills, Age, and References.

Who collected the data? >
What was the data collection process? >
What tools were used in data collection? >
Was any pre-processing done on the data? >
How were the data labeled? >
Any other comments? >
;éT Demographics :;f:hr;n;tsi:ar; :er; gender, ethnicity, age, and country distribution )

m Recommended Usage List of recommended use cases for the dataset >

0 General Information Overview information about the dataset )

The pictures and visuals used in this webpage was taken from different sources. To see the full list of attributions, please click here.
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The system's decisions/recommendations are influenced by its training dataset and how that is used to train the system. The
training dataset for this hiring system has the following characteristics.

E;f; Collection Information about the amount of data, the source of the data, the
\l’ collectors, and the labeling process )
t T 1 D hi Information on gender, ethnicity, age, and country distribution
* CMOgraphics of the instances A4
Gender distribution of the instances? >
Age distribution of the instances? >
v

Ethnicity distribution of the instances?

Ethnicity of the population in the dataset

4 White4 Brown# Hispanic4 Asian# Black# Others

¥ A Flourish data visualization

List of recommended use cases for the dataset

Overview information about the dataset

0 General Information

The pictures and visuals used in this webpage was taken from different sources. To see the full list of attributions, please click here.
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The system's decisions/recommendations are influenced by its training dataset and how that is used to train the system. The
training dataset for this hiring system has the following characteristics.

& Collection

Information about the amount of data, the source of the data, the
collectors, and the labeling process )

«—ilI}

{

t . .. .
t .1 Information on gender, ethnicity, age, and country distribution
N l e Demag i of the instances ) i = )
Aanes
Recommended Usage List of recommended use cases for the dataset v
Suggested use cases for the dataset? >
Where you should not use the dataset? v

The dataset should not be used for any other purpose (e.g., promotion, performance evaluation) other than determining the

initial hiring decisions.

Any other information to know before using the dataset? >

0 General Information Overview information about the dataset )

The pictures and visuals used in this webpage was taken from different sources. To see the full list of attributions, please click here.

213



Appendices

The system's decisions/recommendations are influenced by its training dataset and how that is used to train the system. The
training dataset for this hiring system has the following characteristics.

Euf,,,—»E Collection Information about the amount of data, the source of the data, the

5'1" collectors, and the labeling process )
T . L. e

t ot . Information on gender, ethnicity, age, and country distribution

.‘ '.' LErranie of the instances )

m Recommended Usage List of recommended use cases for the dataset )

o General Information Overview information about the dataset v
When the dataset was released? v
The dataset was released in 2021.
When was the data collected? >
Where the dataset was previously used? >
Was consent obtained from individuals related to the dataset? >
Have any updates been provided for the dataset? >
Is the dataset publicly available? >
Any other comments? >

The pictures and visuals used in this webpage was taken from different sources. To see the full list of attributions, please click here

Below we provide all the questions and answers presented in the Q&A interface.

Collection: Information about the amount of data, the source of the data, the

collectors, and the labeling process
Q. How many instances are in the dataset?

The dataset contains data from resumes of 17562 applicants. For each applicant, the
dataset contains information about 15 attributes. This includes attributes like - Education,

Experience, Skills, Age, and References.
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Q. Who collected the data?

The data was collected by an internal committee within the company.

Q. What was the data collection process?

The company conducted the data collection based on the resumes they received between
2016 and 2020. They used an automated process to extract all the relevant attributes of
the applicants. These attributes were then stored in the dataset and all the other

information about the applicants in the resumes was discarded.

Q. What tools were used in data collection?

The resumes were first gathered manually from a company repository. Then an

automated extraction tool was used to extract the data from the resumes.

Q. Was any pre-processing done on the data?

The use of the automated process in data collection resulted in missing attributes for
some of the applicants. If applicable, these missing attributes were filled with the average
values for the specific attribute. Otherwise, the applicant’s data was deleted from the
dataset. Further, applicants’ educational qualifications and results to a single scale to
allow better comparisons between applicants. Finally, numerical values were used to

represent prior experiences in terms of years spent at a position at a certain level.

Q. How were the data labeled?

Each applicant was assigned a label based on the final decision. Three different labels
(“Recommended”, “Waitlisted”, and “Rejected”) were used. The labels were based on the

actual decisions about the applicants when they applied to the company previously.
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Q. Any other comments?

Each applicant was assigned a label based on the final decision. Three different labels
(“Recommended”, “Waitlisted”, and “Rejected”) were used. The labels were based on the

actual decisions about the applicants when they applied to the company previously.

Demographics: Information on gender, ethnicity, age, and country distribution

of the instances

Q. Gender distribution of the instances?

60% of the applicants are men. The other 40% are women (37%) and non-binary (3%)

people. (Accompanied with a pie graph, similar to the Data Story)
Q. Age distribution of the instances?

The age distribution of the applicants is provided in 5 groups. (Accompanied with a

stacked bar graph, similar to the Data Story)

Q. Ethnicity distribution of the instances?

Presented as a pictograph, similar to the Data Story
Q. Country distribution of the instances?

Applicants from a range of countries are part of the dataset. (Accompanied with a map

visualization, similar to the Data Story)
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Recommended Usage: List of recommended use cases for the dataset

Q. Suggested use cases for the dataset?

The dataset is suggested to be used for hiring purposes only.

Q. Where should you not use the dataset?

The dataset should not be used for any other purpose (e.g., promotion, performance

evaluation) other than determining the initial hiring decisions.

Q. Any other information to know before using the dataset?

N/A

General Information: Overview information about the dataset

Q. When was the dataset released?

The dataset was released in 2021.

Q. When was the data collected?

The dataset contains records from the resumes received between 2016 and 2020, which

were gathered together in 2020.

Q. Where was the dataset previously used?

To date, the dataset has not been used anywhere.

Q. Was consent obtained from individuals related to the dataset?
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No, individual consents were not taken. However, all the directly identifying information

was discarded when the dataset was compiled.

Q. Have any updates been provided for the dataset?

No.

Q. Is the dataset publicly available?

No. However, one can get access to the dataset by contacting the owners.

Q. Any other comments?

No.
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A.3. Recruitment Poster
S
b\ Universi
% nganitolg f,li_l ERL:T'!'OFJZ'AEOH

Interested in learning about how Al
systems can explain themselves?

>

We are looking for people to participate in a study to evaluate and share their
opinions on the different ways an Al system could explain how it was trained.
The study will take approximately 60-90 minutes of your time and you will get
$25 cash or gift card (at your choosing).

If you are more than 18 years old and you are interested in
participating in our study, please contact -

Research approved by University of Manitoba Joint Faculty Research Ethics Board. The Research Ethics Board can be reached by phone
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A.4. Demographic and Background Questionnaire

About yourself
1. How old are you?
2. What is your gender?
3. In which country do you currently reside?
4. What is the highest level of education you have completed?
5. What is your educational background/specialization?

Questions on your knowledge about Artificial Intelligence (AI)

6.

7.

8.

220

Have you ever taken or are currently taking any classes on Artificial Intelligence

(AI)/ Machine Learning (ML)?

a. Yes

b. No

When it comes to AI/ML, I believe I have

a. No knowledge:

b. A little knowledge:

c. Some knowledge:

d. Moderate knowledge:

e. A lot of knowledge:

Which of the following is an unsupervised machine learning task?
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a. Distinguishing pictures containing cats from pictures not containing cats

b. Flagging text messages as appropriate or inappropriate

c. Divide data points into different clusters without any labels available

d. Predict the value of a house after training on a dataset with house features

and values

e. Ido not know the answer

9. What is the general goal of reinforcement learning?

a. Maximize potential or expected punishment

b. Maximize potential or expected reward

c. Get to the goal as soon as possible

d. Avoid the most obstacles in any given state

e. Ido not know the answer

10. Please provide your agreements with the following statements. (On a scale of 1-
7) (taken from Wang et al. [323]. Reference number indicate the reference number

in the main submission)

a. Ican distinguish between smart devices and non-smart devices.

b. Ido not know how AI technology can help me.

c. Icanidentify the Al technology employed in the applications and products

I use.
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I can skillfully use Al applications or products to help me with my daily

work.

It is usually hard for me to learn to use a new Al application or product.

I can use Al applications or products to improve my work efficiency.

I can evaluate the capabilities and limitations of an AI application or

product after using it for a while.

I can choose a proper solution from various solutions provided by a smart

agent.

I can choose the most appropriate Al application or product from a variety

for a particular task.

I always comply with ethical principles when using Al applications or

products.

I am never alert to privacy and information security issues when using Al

applications or products.

I am always alert to the abuse of Al technology.
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A.5. Scenario Used in the Study — Automated Hiring System

A company is deciding on whether to purchase a computer system that is powered by
machine learning algorithms to help informing the company’s hiring decisions. This
computer system will review and identify promising candidates that the company should

consider from a pool of applications.

Before purchasing the system, the company would like people to scrutinize the
system, focusing on how the system is trained and the data that it uses. To help the
company scrutinize the system, the makers of the computer system have provided an
explanation of the dataset it uses and descriptions of how the dataset was formulated.
The company wants you to use the information in this explanation to conduct a SWOT
analysis of the system. The primary objective of this analysis is to help the company
identify the advantages of the system, the flaws that the system, how the system can
potentially be improved further, and situations that could potentially introduce flaws into

the system.

You will be given 25 minutes to interact with the explanation and conduct this
analysis. During this time, we ask that you note at least 10 different points
(strengths/weaknesses/opportunities/threats). If you want to provide more, you are
welcome to do so. Please try to include a mix of strengths, weaknesses, opportunities to

improve, and any threat to the system.

Please make sure you include at least one strength/weakness/opportunity/threat in

your notes.
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A.6. Informed Consent Form

224

\ _ ) E2-445 ElTC
Department of Computer SCIENCE  yimipa Maniona Canacs

N
P2 Universi . Canada
% »_I-Manitol% Faculty of Science e TN

Discover the unknown + Invent the future F: 204-474-7609

Research Project Title: Explanations in Support of Faimess Judgments of Data-Driven Decisions in
Machine Learning Systems

Researchers:

Dr. Andrea Bunt, Professor, Department of Computer Science, University of Manitoba,

Md Ariful Islam Anik, Graduate Research Assistant, Department of Computer Science, University of
Manitoba,

Research Sponsaored by Natural Sciences and Engineering Research Council of Canada

Please take the time to read this carefully and to ensure you understand all the information.

This consent form, a copy of which will be left with you for your records and reference, 15 only part of the
process of informed consent. It should give you the basic idea of what the research 1s about and what your
participation will mvolve. If you would like more detail about something mentioned here, or information
not included here, you should feel free to ask. Please take the fime to read this carefully and to understand
any accompanying information.

You are invited to participate in a research study on the topic of evaluating the impact of the presentation
styles of explanations that target training data on users’ perceptions of them. The goal 1s to explore whether
the presentation of information about the traimng data has any effect on the utihity of the presented
mformation. Your participation in this research study will involve mnteracting with our explanations in a
given scenario presented m an online survey platform (Microsoft Forms) and providing written feedback
on them. We will ask you to complete a background questionnaire at the beginning of the study and a post-
scenario questionnaire after you have interacted with the explanation. Finally, we will ask you to participate
mn an mterview. If you have any questions or concerns at this time or any time during the study, please feel
free to ask the researcher for clarification.

The study will take place either remotely or in-person (based on your preference). If you choose to
participate remotely, the session will take place over a video conferencing software (e.g., Zoom, Google
Meet, Cisco Webex, Skype) of your choice. You need to have access to a computer if you want to participate
remotely. Alternatively, 1f you choose to participate m-person, the session will take place in the HCI lab
(E2-534 or E2-551) situated in the EITC bwlding at the University of Manitoba (please take the time to
read the appendix about the steps taken for ensuring your safety from COVID-19 for the in-person session).
We will provide a computer for conducting the m-person session.

www.sci.umanitoba.cales/
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The benefits of participating in this research are that you may gain a greater understanding of how machine
learning systems are tramed and how training datasets contribute to the performance of machine learning
systems. Further, the knowledge you will contribute to this study will be used to improve explanations from
machine learming systems. The risks of this study are no greater than in everyday life.

Participation in this study is voluntary and will take approximately 60-90 minutes of your time. You will
receive a $25 (Canadian dollars) compensation m the form of cash or a gift card (at your choosing) after
signing the consent form. You are free to withdraw from the study at any time up to the end of the study
and/or refrain from answering any questions you prefer to onut. Even by withdrawing, you will keep your
compensation.

We wish to record our discussions with you by using a digital audio recorder. The audio recording will
assist our data analysis by allowing us to review the discussion and the study session m detail Any
mformation you choose to contribute to our discussion 1s completely confidential and will be used for
anonymized research analysis. We may use anonymized quotes for purposes of dissemination. Your name
will not be included or in any other way associated with the data presented m the result of this study.

We also wish to record your interactions with the explanations. This recording will contain all the actions
(e.g., button clicked, mouse movements) you perform in the prototype and the feedback you provide in the
mterface. This recording will only be used for anonynuzed research analysis only. Your personal
mformation will not be associated with this recording mn any way.

By signing this consent form, you agree that you understand this and that we may use the recorded audio
and the interaction video for data analysis purposes only. Unfortunately, if you do not wish to be recorded
then you cannot participate in this study.

Data collected during this study will be retamned for a maximum period of three years in a locked cabinet
or 1 a password-protected computer in a locked office or laboratory in the EITC building at the University
of Manitoba, to which only researchers associated with this project (Dr. Andrea Bunt, Md Anful Islam
Anik) have access. The data collected through the online survey platform (Microsoft Forms) and the
mteraction tool (www.userback 10) will be stored in their respective secured server, which 15 only accessible
from a password-protected account of one of the researchers (Md Anful Islam Anik). All data will be
destroyed by December 2025 In addition, the University of Manitoba may look at research records to see
that the research 1s bemg done in a safe and proper way. We intend to present the results as academic
publications and a thesis that will be published in MSpace. Once published, the results of the study will be
made available to the public for free at http://hci.cs. umanitoba.ca/. Agamn, no personal information about
you will be mcluded.

Your signature on this form indicates that you have understood to your satisfaction the information
regarding participation in the research study. By domg this you also confirm that you are of the age of
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majority in Canada (18 years or more). In no way does this waive your legal rights nor release the
researchers, sponsors, or involved institutions from their legal and professional responsibilities.

This research has been approved by the University of Manitoba Joint Faculty Research Ethics Board. If
you have any concerns or complaints about this project, please contact Dr. Andrea Bunt at
or or the Human Ethics Coordinator at or

A copy of this consent form has been given to you to keep for your records
and reference.

0 I wish to recerve a summary of the findings.

O T wish to receive a copy of the mterview transcript of the audio recording to confirm its accuracy.

Please write your email address 1f you checked the box above:

Participant’s email address:

Participant’s Signature: Date

Researcher’s Signature: Date
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A.7. Post Study Questionnaire

Based on your interaction with the hiring system, please provide your agreement to the

following statements (on a scale of 1-7)
1. Tam confident in the system
2. The system is reliable
3. The system is safe
4. The system is consistent
5. The system is usable
6. The system is accountable
7. The system is predictable
8. Ican trust the system
9. The system is free of bias
10. The system upholds ethical and moral standards
11. The system’s explanation is reasonable
12. I would agree with the hiring recommendations made by the system
13. It was clear to me which data the system uses to make recommendations
14. T understood which data was used by the system when recommending applicants
15. I understood which characteristics were considered to recommend applicants

16. The explanation was easy to follow
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17.

18.

19.

20.

21.

22.

23.

24.

25.

I liked how the information was presented to me

I understood the explanation

The explanation was too detailed

The explanation contained sufficient information for me to do the SWOT analysis.
I am satisfied with the breadth of information provided in the explanation

I am satisfied with the depth of information provided in the explanation

My understanding of how machine learning systems use data has improved after

seeing the explanation

My vocabulary of machine learning and Al has increased after interacting with

the explanation

I am confident that I can provide a clear summary of the data to another person

based on what I saw in the explanation
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A.8. Ethics Certificate

Human Ethics
208-194 Dafoe Road

Winnipeg, MB
: Canada R3T 2N2
UNIVERSITY | Research Et.h1cs 1
OF MANITOBA and C()mphance Email: humanethics@umanitoba.ca
PROTOCOL APPROVAL
TO: Andrea Bunt

Principal Investigator

FROM: Julia Witt, Chair

Joint-Faculty Research Ethics Board (JFREB)

Re: Protocol J2019:083
“Explanations in Support of Fairness Judgments of Data-Driven Decisions
in Machine Learning Systems”

Effective: November 13,2019 Expiry: November 13, 2020

Joint-Faculty Research Ethics Board (JFREB) has reviewed and approved the above
research. JFREB is constituted and operates in accordance with the current Tri-Council Policy
Statement: Ethical Conduct for Research Involving Humans.

This approval is subject to the following conditions:

1.

2

Approval is granted for the research and purposes described in the application only.

. Any modification to the research or research materials must be submitted to JFREB for

approval before implementation.

. Any deviations to the research or adverse events must be submitted to JFREB as soon

as possible.

. This approval is valid for one year only and a Renewal Request must be submitted and

approved by the above expiry date.

. A Study Closure form must be submitted to JFREB when the research is complete or

terminated.

. The University of Manitoba may request to review research documentation from this

project to demonstrate compliance with this approved protocol and the University of
Manitoba Ethics of Research Involving Humans.

Funded Protocols:

Please e-mail a copy of this Approval, identifying the related UM Project Number, to
the Research Grants Officer at

Research Ethics and Compliance is a part of the Office of the Vice-President (Research and International)
umanitoba.ca/research
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A.9. TCPS 2: CORE Certificate

PANEL ON

RESEARCH ETHICS TCPS 2: CORE

Navigating the ethics of human research

Certificate of Completion

This document certifies that

Md Ariful Islam Anik

has completed the Tri-Council Policy Statement:
Ethical Conduct for Research Involving Humans
Course on Research Ethics (TCPS 2: CORE)

Date of Issue: 15 June, 2019
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Appendix B — Information Depth Study Documents

B.1. Recruitment Poster

ST
P University aiul Ladll
% o«Manitoba UNIVERSITY OF MANITOBA

Interested in learning about how Al
systems can explain themselves?

>

We are looking for people to participate in a study to evaluate and
share their opinions on the different ways an Al system could
explain how it was trained.

The study will take approximately 90-120 minutes of your time and
you will get $30 in e-transfer or digital gift card (at your choosing).

If you are more than 18 years old and you are
interested in participating in our study, please
contact -

This research has been approved by the Research Ethics Board at the University of Manitoba, Fort Garry campus.
The Research Ethics Board can be reached by phone
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B.2. Pre-screening Questionnaire

232

1. Please provide your agreement with the following statements. (On a scale of 1-7)

(taken from Wang et al. [323], reference number indicate the reference number in

the main submission)

a.

I can distinguish between smart devices and non-smart devices.

I do not know how AI technology can help me.

I can identify the Al technology employed in the applications and products

I use.

I can skillfully use Al applications or products to help me with my daily

work.

It is usually hard for me to learn to use a new Al application or product.

I can use Al applications or products to improve my work efficiency.

I can evaluate the capabilities and limitations of an AI application or

product after using it for a while.

I can choose a proper solution from various solutions provided by a smart

agent.

I can choose the most appropriate Al application or product from a variety

for a particular task.

I always comply with ethical principles when using Al applications or

products.
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k. Tam never alert to privacy and information security issues when using Al

applications or products.

l. Tam always alert to the abuse of Al technology.

2. What is your educational background/specialization?

a. Computer Science

b. Engineering

c. Non-engineering

3. Have you ever taken or are currently taking any classes on Artificial Intelligence

(AI)/ Machine Learning (ML)?

a. Yes

b. No
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B.3. Demographic Questions Asked to Participants

1. How old are you?

2. What is your gender?
a. Woman
b. Man
c. Non-binary

d. Prefer not to say

o

Other (please type)

3. In which country do you currently reside?

4. What is the highest level of education you have completed?

a. Some high school or less

b. High school diploma or GED

c. Some college, but no degree

d. Associates, or technical degree

e. Bachelor’s degree

f. Graduate or professional degree (MA, MS, MBA, PhD, JD, MD, etc.)

g. Prefer not to say
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B.4. Explanation Prototypes

a. Prototype 1 — Admission System (Detailed — No Progressive Disclosure)

The system's decisions/recommendations are influenced by its training dataset and how that is used to train
the system. The training dataset for this admission recommendation system has the following
characteristics.

& Collecti Information about the amount of data, the source of the data,
...L orection the collectors, and the labeling process

How many instances are in the dataset?

The dataset contains application data for 11837 students who applied to the University of X for graduate
programs in prior years. For each applicant, the dataset contains primary information like - Prior Education,
GPA, Institutions, Experience, Extra-curricular skills, References.

‘Who collected the data?

The data was gathered by internal committee at the University of X, with the permission provided by the
Graduate Admissions Committee of the University of the X. The internal committee consisted 5 memebers

who brought different expertise to oversee the collection process.

What was the data collection process?

The committee conducted the data collection based on the applications that were submitted to the admission
portal in the last 8 years. They used an automated process to extract all the relevant attributes of the
applicants. These attributes were then stored in the dataset and all the personally identifying information
was discarded. Some additional unspecified automatic filtering was done. The accuracy of the provided

information in the resumes was not verified.

What tools were used in data collection?

An automated text extraction tool was used to extract the data from the applications.

Was any pre-processing done on the data?

All the reference letter scores were transformed into a numerical grade from 1 to 5 where a score of 1
indicates a poor reference letter and a score of 5 indicates an excellent reference letter. This was done
manually by three different people. The use of the automated process in data collection resulted in missing
attributes for some of the applicants. If applicable, these missing attributes were filled with the average

values for the specific attribute.

How were the data labeled?

Each of the applicants data was labeled as “recommended”, “not recommended”, or “waitlisted” based on
the manual decision made for the students.
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Any other comments?

As an additional method of verification, The company ran a manual analysis for some randomly selected

applicants to analyze the accuracy of the automated process. They were satisfied with the general accuracy
of the automation.

T . o
=T . Information on gender, ethnicity, age, and country
-“'I' Demographics distribution of the instances

Gender distribution of the instances?

55% of the applicants are men. The other % are women (41%) and non-binary
(4%) people.

4

Age distribution of the instances?

The age distribution of the applicants are provided in 4 groups.

Age range for the applicants (in %)

40

Ethnicity distribution of the instances?

Ethnicity distribution wasn’t mentioned explicitly in the dataset. However, the dataset contains student data
from more than 87 countries that cover a range of ethnicities.
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Country distribution of the instances?

Applicants from a range of countries are part of the dataset. Countries with a

percentage of less than 2% are not shown.

Recommended Usage ‘ List of recommended use cases for the dataset

Suggested use cases for the dataset?

The dataset was suggested to be used for recommending outcomes for student applications in graduate
programs.

Where you should not use the dataset?

The dataset should not be used to profile students for noneducational purposes (e.g., loan application,
housing application).

Any other information to know before using the dataset?

N/A

o General Information Overview information about the dataset

When the dataset was released?

The dataset was released in 2021.
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When was the data collected?

The dataset contains records from the applications received between 2016 and 2020, which were gathered
together in 2020.

Where the dataset was previously used?

To date, the dataset has not been used anywhere.

Was consent obtained from individuals related to the dataset?

No, individual consents were not taken. However, individuals already consented for their information to be
used for admission decisions and all the directly identifying information was discarded when the dataset was
compiled.

Have any updates been provided for the dataset?

Yes. Updated in January 2023 to include the admission data for 2021 and 2022.

Is the dataset publicly available?

No. However, one can get access to the dataset by contacting the owners.

Any other comments?

If any errors are found, please contact the owners for potential fixes.
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b. Prototype 2 — Admission System (Detailed — Progressive Disclosure)

The system's decisions/recommendations are influenced by its training dataset and how that is used to train
the system. The training dataset for this admission recommendation system has the following
characteristics.

.

EL; S Information about the amount of data, the source of the data,

...,._:: the collectors, and the labeling process v
How many instances are in the dataset? v

The dataset contains application data for 11837 students who applied to the University of X for graduate
programs in prior years. For each applicant, the dataset contains primary information like - Prior Education,

GPA, Institutions, Experience, Extra-curricular skills, References.

Who collected the data? >
What was the data collection process? >
What tools were used in data collection? >
Was any pre-processing done on the data? >
How were the data labeled? >
Any other comments? >

1*: " Demographics Ix?fm:mat.ion on ge-.Ldm-, ethnicity, age, and country >

AN
List of recommended use cases for the dataset >
ral Inf n rview ion >
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c. Prototype 3 — Admission System (Summary — No Progressive Disclosure)

The system's decisions/recommendations are influenced by its training dataset and how that is used to train
the system. The training dataset for this admission recommendation system has the following

characteristics.
The dataset contains data from over 11 thousands applicants’ resumes, covering
DB
== . important attributes like prior education, GPA, experiences, skills, and references. It
S Collection ‘ . . .
[~ was collected by an internal committee using a combination of manual and
automated processes. The data was labeled based on previous decisions.
+ T + The dataset provides the gender, age, and country distribution of the applicants.
A Demographics Gender distribution is provided in 3 categories, age is grouped into four categories,
A A and country distributions is also provided.
Ty P
The dataset is recommended for graduate admission decision recommendation
Recommended . . . L c
v purposes only, and caution is advised against using it for other purposes like
sage c c - 3 5
g housing applications or loan applications.
The dataset was released in 2021 and contains data from resumes received between
General 2015 and 2020. It was further updated in 2023 to include data from 2021 and 2022.
Information It has not been used elsewhere, and individual consents were not obtained. The
dataset is not publicly available, but access can be requested from the owners.
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d. Prototype 4 - Admission System (Summary — Progressive Disclosure)

The system's decisions/recommendations are influenced by its training dataset and how that is used to train
the system. The training dataset for this admission recommendation system has the following

characteristics.

The dataset contains data from over 11 thousands applicants' resumes, covering

=k ok ok

EEE important attributes like prior education, GPA, experiences, skills, and references. It
L" “'_J Cu]lﬁ:ﬁon p . P i e i * p i i E El

e was collected by an internal committee using a combination of manual and

automated processes. The data was labeled based on previous decisions.

click here to reveal information

Demographics
Recommended . . )
click here to reveal information
Usage
lick here t 1 infi ti
. click here to reveal information
Information
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e. Prototype 5 — Hiring System (Detailed — No Progressive Disclosure)

The system's decisions/recommendations are influenced by its training dataset and how that is used to train
the system. The training dataset for this hiring system has the following characteristics.

0
r

Information about the amount of data, the source of the data,
the collectors, and the labeling process

JIII

Collection

{

How many instances are in the dataset?

The dataset contains data from resumes of 17562 applicants. For each applicant, the dataset contains
information about 15 attributes. This includes attributes like - Education, Experience, Skills, Age, and
References.

‘Who collected the data?

The data was collected by an internal committee within the company. The committee consisted 6 executive
memebers who were from different background and were assigned on the project with the goal of creating a
diverse dataset.

‘What was the data collection process?

The company conducted the data collection based on the resumes they received between 2016 and 2020.
They used an automated process to extract all the relevant attributes of the applicants. These attributes were
then stored in the dataset and all the other information about the applicants in the resumes was discarded.
Some additional unspecified automatic filtering was done. The accuracy of the provided information in the
resumes was not verified.

‘What tools were used in data collection?

The resumes were first gathered manually from a company repository. Then an automated extraction tool

was used to extract the data from the resumes.

Was any pre-processing done on the data?

The use of the automated process in data collection resulted in missing attributes for some of the applicants.
If applicable, these missing attributes were filled with the average values for the specific attribute.
Otherwise, the applicant’s data was deleted from the dataset. Further, applicants’ educational qualifications
and results to a single scale to allow better comparisons between applicants. Finally, numerical values were
used to represent prior experiences in terms of years spent at a position at a certain level.

How were the data labeled?

Each applicant was assigned a label based on the final decision. Three different labels (“Recommended”,

“Waitlisted”, and “Rejected”) were used. The labels were based on the actual decisions about the applicants
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when they applied to the company previously. For the resumes that were “Waitlisted”, the label represents
the initial decision for the applicant.

Any other comments?

The company ran a manual analysis for some randomly selected resumes to analyze the accuracy of the
automated process in extracting applicants’ attributes from the resumes. They were satisfied with the general
accuracy of the automation.

+ T g De hi Information on gender, ethnicity, age, and country
#®,  Demographics distribution of the instances

Gender distribution of the instances?

60% of the applicants are men. The other 40% are women (37%) and non-
binary (3%) people.

4

Age distribution of the instances?

The age distribution of the applicants are provided in 5 groups.

Age range for the applicants (in %)

40

Ethnicity distribution of the instances?
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Ethnicity of the population in the dataset

# White # Brown# Hispanic# Asian# Black# Others

..........
..........
..........
..........
..........
..........
..........
..........
..........

..........

Country distribution of the instances?

Applicants from a range of countries are part of the dataset.

=/l Recommended Usage ‘ List of recommended use cases for the dataset

Suggested use cases for the dataset?

The dataset is suggested to be used for hiring purposes only.

Where you should not use the dataset?
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The dataset should not be used for any other purpose (e.g., promotion, performance evaluation) other than
determining the initial hiring decisions.

Any other information to know before using the dataset?

N/A

0 General Information Overview information about the dataset

‘When the dataset was released?

The dataset was released in 2021.

‘When was the data collected?

The dataset contains records from the resumes received between 2016 and 2020, which were gathered
together in 2020.

Where the dataset was previously used?

To date, the dataset has not been used anywhere.

Was consent obtained from individuals related to the dataset?

No, individual consents were not taken. However, all the directly identifying information was discarded
when the dataset was compiled.

Have any updates been provided for the dataset?

Is the dataset publicly available?

No. However, one can get access to the dataset by contacting the owners.

Any other comments?

If any errors are found, please contact the owners for potential fixes.

245



Appendices

f. Prototype 6 — Hiring System (Detailed — Progressive Disclosure)

The system's decisions/recommendations are influenced by its training dataset and how that is used to train
the system. The training dataset for this hiring system has the following characteristics.

r

EL‘.‘ Information about the amount of data, the source of the data,

& _ Collection .
S the collectors, and the labeling process >
How many instances are in the dataset? v

The dataset contains data from resumes of 17562 applicants. For each applicant, the dataset contains
information about 15 attributes. This includes attributes like - Education, Experience, Skills, Age, and

References.
Who collected the data? >
Wi llection process? >
Was any pre-processing done on the data? >
How were the data labeled? >
Any other comments? >
Information on gender, ethnicity, age, and country >
Jistributi f the i
List of recommended use cases for the dataset >
0 iew inf . i he d >
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g. Prototype 7 — Hiring System (Summary — No Progressive Disclosure)

The system's decisions/recommendations are influenced by its training dataset and how that is used to train
the system. The training dataset for this hiring system has the following characteristics.

0
]

iy
.
r

GLIII

Collection

JIII

-

! T
¢,  Demographics

Information

The dataset contains data from over 17 thousands applicants’ resumes, covering 15
attributes. It was collected by an internal committee using a combination of manual
and automated processes. The data was labeled based on previous decisions.

The dataset provides the gender, age, ethnicity, and country distribution of the
applicants. Gender distribution is provided in 2 categories, age is grouped into five
categories, and ethnicity and country distributions are also provided.

The dataset is recommended for hiring purposes only, and caution is advised against

using it for other purposes like promotion or performance evaluation.

The dataset was released in 2021 and contains data from resumes received between
2016 and 2020. It has not been used elsewhere, and individual consents were not
obtained. The dataset is not publicly available, but access can be requested from the

OWNELS.
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h. Prototype 8 — Hiring System (Summary — Progressive Disclosure)

The system's decisions/recommendations are influenced by its training dataset and how that is used to train
the system. The training dataset for this hiring system has the following characteristics.

AR

S| Collection click here to reveal information

-

. t - The dataset provides the gender, age, ethnicity, and country distribution of the
A Demographics applicants. Gender distribution is provided in 3 categories, age is grouped into five
aa categories, and ethnicity and country distributions are also provided.

Recommended . . i
click here to reveal information
Usage

. click here to reveal information
Information
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B.5. Scenarios Used in the Study

The following are the two scenarios used in the study. They were selected for their

similarity in significance and familiarity to a diverse audience.
a. Automated Hiring System Scenario

A company is deciding on whether to purchase a computer system that is powered by
machine learning algorithms to help inform the company’s hiring decisions. This
computer system will review and identify promising candidates that the company should

consider from a pool of applications.

Before purchasing the system, the company would like people to scrutinize the
system, focusing on how the system is trained and the data that it uses. To help the
company scrutinize the system, the makers of the computer system have provided an
explanation of the dataset it uses and descriptions of how the dataset was formulated.
The company wants you to use the information in this explanation to conduct an analysis
of the system. The primary objective of this analysis is to help the company identify the

advantages of the system and its flaws and shortcomings.

You will be given 20 minutes to interact with the explanation and conduct this
analysis. During this time, we ask that you note 8 different points (strengths/weaknesses).
If you want to provide more, you are welcome to do so. Please try to include a mix of

strengths and weaknesses of the system.

Please make sure you include at least one strength and one weakness in your

feedback.

249



Appendices

b. Automated Decision Recommendation System Scenario

The University of X is deciding on whether to purchase a computer system that can help
inform the student recruiter to give admission decisions to new graduate applicants. This
computer system will assess applicants based on a machine learning model that profiles

students based on the application materials and identify the promising applicants.

Before purchasing the system, the university would like people to scrutinize the
system, focusing on how the system is trained and the data that it uses. To help scrutinize
the system, the makers of the computer system have provided an explanation of the
dataset it uses and descriptions of how the dataset was formulated. The university wants
you to use the information in this explanation to conduct an analysis of the system. The
primary objective of this analysis is to help the university to identify the advantages of

the system and its flaws and shortcomings.

You will be given 20 minutes to interact with the explanation and conduct this
analysis. During this time, we ask that you note 8 different points (strengths/weaknesses).
If you want to provide more, you are welcome to do so. Please try to include a mix of

strengths and weaknesses of the system.

Please make sure you include at least one strength and one weakness in your

feedback.
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B.6. Informed Consent Form

\ _ ) E2-445 ElTC
Department of Computer SCIENCE  yimipes Mantona canaca

»
» University i R3T 2N2
% o«Manitoba | Faculty of Science e dT N2

Discover the unknown + Invent the future F:204-474-7609

Research Project Title: Explanations in Support of Faimess Judgments of Data-Driven Decisions in
Machine Learning Systems

Researchers:

Dr. Andrea Bunt, Professor, Department of Computer Science, University of Manitoba,

Md Anful Islam Anik Graduate Research Assistant, Department of Computer Science, University of
Manitoba,

Research Sponsored by Natural Sciences and Engineering Research Council of Canada

Please take the time to read this carefully and to ensure you understand all the information.

This consent form, a copy of which will be left with you for your records and reference, 15 only part of the
process of informed consent. It should give you the basic idea of what the research is about and what your
participation will involve. If you would like more detail about something mentioned here, or information
not mcluded here, you should feel free to ask. Please take the tume to read this carefully and to understand
any accompanying information.

You are mvited to participate in a research study on the topic of evaluating the impact of volume and
presentation of the contents for explanations that target traming data. The goal is fo explore how does the
volume and presentation of information about the traming data effect on the utility of the presented
mformation. Your participation in this research study will mvolve interacting with our explanations in two
given scenarios presented in an online survey platform (Microsoft Forms) and providing written feedback
on them We will ask you to complete a background questionnaire at the beginmng of the study and two
post-scenario questionnaires after you have mteracted with the explanations. Finally, we will ask you to
participate in an interview. If you have any questions or concerns at this time or any time durng the study,
please feel free to ask the researcher for clarification.

The study will take place either remotely or mn-person (based on your preference). If you choose to
participate remotely, the session will take place over a video conferencing software (e.g., Zoom, Google
Meet, Cisco Webex, Skype) of your choice. You need to have access to a computer if you want to participate
remotely. Alternatively. if you choose to participate in-person, the session will take place m the HCI lab
(E2-534 or E2-551) sifuated in the EITC building at the University of Manitoba. We will provide a
computer for conducting the in-person session.

The benefits of participating in this research are that you may gain a greater understanding of how machine
learning systems are trained and how traiming datasets contribute to the performance of machine learning

www.sci.umanitoba.cales/
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systems. Further, the knowledge you will contribute to this study will be used to improve explanations from
machine learning systems. The risks of this study are no greater than in everyday life.

Participation in this study 1s voluntary and will take approximately 90-120 nunutes of your time. You will
recerve a $30 (Canadian dollars) compensation in the form of e-fransfer or a digital gift card (at your
choosing) after signing the consent form. You are free to withdraw from the study at any time up to the end
of the study and/or reframn from answering any questions you prefer to omut. Even by withdrawing, you will
keep your compensation.

We wish to record our discussions with you by using a digital audio recorder. The audio recording will
assist our data analysis by allowing us to review the discussion and the study session in detail. Any
mformation you choose to contribute to our discussion 1s completely confidential and will be used for
anonymuzed research analysis. We may use anonymized quotes for purposes of dissemination. Your name
will not be mcluded or in any other way associated with the data presented m the result of this study.

We also wish to record your mnteractions with the explanations. This recording will contam all the actions
(e.g., button clicked, mouse movenients) you perform in the prototype and the feedback you provide m the
mterface. This recording will only be used for anonynuzed research analysis only. Your personal
mformation will not be associated with this recording in any way.

By sigming this consent form, you agree that you understand this and that we may use the recorded audio
and the interaction video for data analysis purposes only. Unfortunately, if you do not wish to be recorded
then you cannot participate in this study.

Data collected during this study will be retamned for a maximum period of three years in a locked cabinet
or 1n a password-protected computer in a locked office or laboratory in the EITC building at the University
of Manitoba, to which only researchers associated with this project (Dr. Andrea Bunt, Md Anful Islam
Anik) have access. The data collected through the online survey platform (Microsoft Forms) and the
mteraction tool (www_userback 10) will be stored in their respective secured server, which 1s only accessible
from a password-protected account of one of the researchers (Md Amnful Islam Anik). All data will be
destroyed by December 2026. We intend to present the results as academic publications and a thesis that
will be published in MSpace. Once published, the results of the study will be made available to the public
for free at http://hei.cs.umanitoba.ca/. Again, no personal information about you will be included.

Your signature on this form indicates that you have understood to your satisfaction the information
regarding participation in the research project and agree to participate as a subject. In no way does this
waive your legal rights nor release the researchers, sponsors, or involved mstitutions from their legal and
professional responsibilities. You are free to withdraw from the study at any time, and /or refrain from
answering any questions you prefer to omut, without prejudice or consequence. Your continued
participation should be as informed as your initial consent, so you should feel free to ask for clarification
or new information throughout your participation.
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The University of Manitoba may look at your research records to see that the research is being done in a
safe and proper way.

This research has been approved by the Research Ethics Board at the University of Manitoba, Fort Garry
campus. If you have any concerns or complaints about this project, you may contact any of the above-
named persons or the Human Ethics Officer at A eopy of
this consent form has been given to you to keep for your records and reference.

O I wish to receive a summary of the findings.

Please write your email address if you checked the box above:

Participant’s email address:

Participant’s Signature: Date

Researcher’s Signature: Date
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B.7. Post-Scenario Questionnaire

Please provide your agreement with the following statements (on a scale of 1-7).

254

10.

11.

12.

13.

14.

15.

16.

I am confident in the system

The system is reliable

The system is safe

The system is consistent

The system is usable

The system is accountable

The system is predictable

I can trust the system

The system is free of bias

The system upholds ethical and moral standards

The system’s explanation is reasonable

I would agree with the hiring recommendations made by the system

It was clear to me which data the system uses to make recommendations

[ understood which data was used by the system when recommending applicants

I understood which characteristics were considered to recommend applicants

The explanation was easy to follow
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17.

18.

19.

20.

21.

22.

23.

24.

25.

I liked how the information was presented to me

I understood the explanation

The explanation was too detailed

The explanation contained sufficient information for me to identify

strengths/weaknesses.

I am satisfied with the breadth of information provided in the explanation

I am satisfied with the depth of information provided in the explanation

My understanding of how machine learning systems use data has improved after

seeing the explanation

My vocabulary of machine learning and Al has increased after interacting with

the explanation

I am confident that I can provide a clear summary of the data to another person

based on what I saw in the explanation

Please try to answer the following questions without seeking additional help from the

explanation (i.e., looking at it again).

26.

27.

What kind of information was in the demographic section? (Just one sentence is

fine)

Was there any updates provided to the dataset? (Yes/No/Maybe)
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28. What kind of processes were used in data collection?

29. Were there any steps to label the data? (Yes/No/Maybe)

30. Where the data should not be used?

Please answer the following questions about the explanation? (on a scale of 1-7) (NASA

TLX [137])

31. How mentally demanding was the explanation?

32. How physically demanding was the explanation?

33. How hurried or rushed was the pace of the task?

34. How successful were you in accomplishing what you were asked to do?

35. How hard did you have to work to accomplish your level of performance?

36. How insecure, discouraged, irritated, stressed, and annoyed were you?

Finally,

37.1 would recommend purchasing the admission system based on the

explanation. (yes/no/maybe)

38. How confident are you with your recommendation? (out of 1-10)
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B.8. Ethics Certificate

Human Ethics
208-194 Dafoe Road

Winnipeg, MB
: Canada R3T 2N2
UNIVERSITY | Research Et.h1cs 1
OF MANITOBA and C()mphance Email: humanethics@umanitoba.ca
PROTOCOL APPROVAL
TO: Andrea Bunt

Principal Investigator

FROM: Julia Witt, Chair

Joint-Faculty Research Ethics Board (JFREB)

Re: Protocol J2019:083
“Explanations in Support of Fairness Judgments of Data-Driven Decisions
in Machine Learning Systems”

Effective: November 13,2019 Expiry: November 13, 2020

Joint-Faculty Research Ethics Board (JFREB) has reviewed and approved the above
research. JFREB is constituted and operates in accordance with the current Tri-Council Policy
Statement: Ethical Conduct for Research Involving Humans.

This approval is subject to the following conditions:

1.

2

Approval is granted for the research and purposes described in the application only.

. Any modification to the research or research materials must be submitted to JFREB for

approval before implementation.

. Any deviations to the research or adverse events must be submitted to JFREB as soon

as possible.

. This approval is valid for one year only and a Renewal Request must be submitted and

approved by the above expiry date.

. A Study Closure form must be submitted to JFREB when the research is complete or

terminated.

. The University of Manitoba may request to review research documentation from this

project to demonstrate compliance with this approved protocol and the University of
Manitoba Ethics of Research Involving Humans.

Funded Protocols:

Please e-mail a copy of this Approval, identifying the related UM Project Number, to
the Research Grants Officer at

Research Ethics and Compliance is a part of the Office of the Vice-President (Research and International)
umanitoba.ca/research
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B.9. Comprehension Questionnaire Data Analysis

Here we provide sample graded answers with justifications.

Question Sample Answers from Participants  Graded  Justification
Score

What kind of facts about applicants (age, gender, 1 Demonstrates the
information was = country, and ethnicity distribution) recollection of all the
in the demographic distributions
demographic present
section?

ranges of ages and countries of 0.5 Partial recollection of the

applicants demographic distribution

present in the explanation

17 thousand applicants who 0 Irrelevant answer
submitted resumes

What kind of An internal committee using a mix 1 Accurate information

processes were | of manual and automated processes based on the explanation

used in data

collection? automated 0.5 Partially correct answer
Students graded the resumes and 0 Irrelevant answer

them Al analyzed it

Where the data  to profile students for 1 Accurate demonstration
should not be noneducational purposes (e.g., loan of information in the
used? application, housing application). explanation

In public 0 Incorrect answer based on

the explanation
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Appendix C - Al Literacy Study Documents

C.1. Initial Set of Likert-Scale and Multiple-Choice Items

a. Likert Items

Item

1. I can recognize Al-driven systems in various applications.
2.1 can identify intelligent systems from non-intelligent ones.
3.1 can differentiate between narrow Al and general AL

4. I understand how Al is programmed and trained using data.
5.1 can program a basic Al application.

6. can describe the strengths and weaknesses of current Al
systems.

7.1 am aware that Al systems can be unreliable in creative tasks.

8. understand the concept of neural networks as a representation
in AL

9.1 feel confident in explaining how Al systems make decisions
using learned patterns.

10. I am aware that Al decisions can reflect the biases present in its
training data.

11. I am aware that Al systems capability and limitations are
mediated by what is learns from the data.

12. I can describe the role humans play in guiding Al systems.

13. I understand how Al systems adjust based on human feedback
and input.

14. I believe Al systems are effective at responding to human
actions in real-time.

15. T understand how different disciplines contribute to the
development of AL

Source

Wang et al. [323]
Wang et al. [323]
Original
Original

Ng et al. [229]

Wang et al. [323]

Chan and Zhou [68]

Original

Lee and Park [192]

Chan and Zhou [68]

Wang et al. [323]

Original

Original

Original

Original
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16. I believe collaboration between different fields is necessary to
improve Al-human interaction.

17. I am confident in my ability to interpret the data used in Al
training.

18. I understand how Al systems learn from data over time.
19. I can explain the machine learning process in detail.

20. I am able to critically evaluate data used to train Al for biases
and inaccuracies.

21.1 can identify biases in data used for training Al systems.

22. I understand the role of sensors in Al systems and data
collection.

23. 1 am aware of the ethical challenges and responsibilities in Al
development.

24. 1 believe that ethical concerns in Al development are
adequately addressed by existing regulations.

25. I believe that Al systems need more regulation to prevent
unethical usage.

b. Multiple-Choice Items

Item

1. Which of these systems is powered by AI?
a) Google Maps
b) Calculator
c) A regular thermostat

d) An analog clock

2. In which of these areas is Al typically is applied?
a) Detecting Credit Card Fraud
b) Cryptocurrency mining
c) Web tracking

d) Encryption for instant messaging services
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Original

Original

Original
Original

Hwang et al. [154]

Lee and Park [192]

Original

Lee and Park [192]

Original

Original

Source

Original

Hornberger

et al. [147]
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3. Imagine you are chatting with an assistant on the Internet. How could you
proceed to find out whether you are interacting with a human or with an AI?

a) you can save yourself the effort, since you can no longer distinguish
between a human and an Al in written communication

b) ask a difficult factual question, since only a human can answer it

c) make a few typing errors in your text, then the Al can no longer
understand you, but a human can

d) make an ironic remark, because this is better understood by humans

4. What is a primary feature of intelligence?
a) Following preset commands
b) Ability to learn and adapt
¢) Memorizing large sets of information

d) Moving objects with precision

5. What makes Al intelligent?
a) Al can walk and talk
b) Al has an artificial brain
c) Alis at least as intelligent as humans

d) Al acts rationally to achieve a particular goal as well as possible

6. Why do Al systems behave intelligently?
a) they have no feelings that could distract them from their task
b) they think autonomously and pursue their own goals

c) they have been programmed to try to achieve a given goal as well as
possible

d) they are built similar to the human brain and therefore have a similar
intelligence

7. Which of the following best describes narrow AI?

a) A system designed to solve many types of problems across domains

b) A system focused on solving one specific problem

c) A hypothetical future Al that mimics human cognition

d) An Al that can handle any task equally well
8.In Al a distinction can be made between "narrow" and "general" Al. "Narrow
Al" refers to Al systems that have capabilities in a limited area. "General Al",

on the other hand, is said to be capable of a very broad range of tasks, similar to
humans. Which of these examples could be considered strong AI?

a) intelligent virtual assistant (e.g. Alexa)

Hornberger
et al. [147]

Original

Hornberger
et al. [147]

Hornberger
et al. [147]

Original

Hornberger

et al. [147]
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b)

c)
d)

tully self-driving car
powerful search engine (e.g. Google)

strong Al does not exist at the moment

9. What can weak AI NOT do?

10.

11.

12.

13.

14.

262

a)
b)
c)
d)

Which of the following is critical to the successful programming of AI?

a)
b)
c)
d)

make decisions under uncertainty
solve a wide range of tasks
solve a task better than a human

learn from unstructured data

Manual input of decision paths
Large datasets for training
Human trainers guiding every decision

Fixed rule-based logic

One limitation of Al is:

a)
b)
¢)
d)

Its inability to store vast amounts of data
Its lack of creativity and abstract thinking
Its poor speed in data processing

Its inability to follow simple rules

In which task is Al already superior to humans?

a)
b)
c)
d)

Detecting tumors
Programming software
Translating novels

Designing cancer therapies

In which areas are humans still superior to AI?

a)
b)
c)
d)

Which of the following data representations is commonly used in AI?

a)
b)

c)

Predict extreme weather events from weather data

Find a proof for a mathematical theorem
Answer quiz questions

Play poker

Flowcharts
Neural networks

Pie charts

Hornberger
et al. [147]

Original

Original

Hornberger
et al. [147]

Hornberger
et al. [147]

Original



Appendices

d)

Tables

15. What are knowledge representations in the field of AI?

a)

b)

c)
d)

particular representation of knowledge in order to communicate it to
humans through Al

sensors that capture information from the environment
information about the world that can be processed by a computer

an algorithm that generates knowledge from data

16. An Al is supposed to divide images into meaningful parts. Input is always
an image. Which input-output pair is NOT meaningful:

a)
b)
c)
d)

Image -> number
Image -> vector
Image -> image

Image -> video

17. Al makes decisions primarily based on:

a)
b)
¢)
d)

Human intuition
Predefined logical rules
Patterns learned from data

Random guessing

18. Al decision-making can be biased due to:

a)
b)
c)
d)

Poor hardware
Biased training data
The programming language used

Inconsistent network speed

19. Al decision-making differs from human decision-making in that Al:

a)
b)
c)
d)

Is purely logic-based
Relies on learned experience without emotional influence
Can be creative and intuitive

Makes decisions faster than humans

20. How do Al systems make decisions?

a)
b)
c)
d)

based on mathematical-logical principles
based on links defined by programmers
based on quantum entanglement

based on artificial intuition

Hornberger
et al. [147]

Hornberger
et al. [147]

Original

Original

Original

Hornberger

et al. [147]
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21. What is a key criterion for the quality of a model in machine learning?

a)
b)
c)
d)

it can predict the output values of the test data as well as possible
it contains as few variables as possible
it is as well adapted as possible to the training data

the predictions are as unambiguous as possible

22. How does supervised learning differ from unsupervised learning?

a)
b)

¢)
d)

in supervised learning, the output values of the training data are known

in supervised learning, humans must supervise the Al during learning
and intervene if necessary

in supervised learning all computational steps are documented

in supervised learning, stricter legal regulations apply

23. In a human—Al interaction, the human typically:

a)
b)
c)
d)

Passively observes Al behavior
Provides feedback to guide Al
Replaces Al in decision-making

Does not interact with Al once it starts functioning

24. How can humans influence the outcome of machine learning?

a)
b)
c)
d)

calculation of the accuracy of the prediction
randomized division into test and training data
selection of the model

abstraction of the model

25. To what extent can humans influence the outcome of machine learning?

a)

b)

c)

d)

Humans can hardly influence the result of machine learning, since it
runs automatically

The results can only be influenced when selecting the data the model
learns with

Humans can influence the result during development at several process
steps

Humans can only influence the interpretation of the results

26. A reactive Al system is one that:
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a)
b)
c)
d)

Acts independently without adjusting to external input
Adjusts its actions based on the user’s input or environment
Always follows a predefined set of rules

Operates in a fixed pattern

Hornberger
et al. [147]

Hornberger
et al. [147]

Original

Hornberger

et al. [147]

Hornberger
et al. [147]

Original
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27. Which discipline provides critical insights into human behavior for Al
interaction design?

a) Psychology
b) Chemistry
c) Geography

d) Economics

28. Which of the following systems often use AI?

a) Flight surveillance systems

b) Geo-positioning systems

¢) 3D printing systems

d) Inventory management systems
29. Which of the following interdisciplinary research fields is also a subfield of
AI?

a) Blockchain

b) Natural Language Processing

c¢) Psychology of Learning

d) Bioinformatics

30. What is crucial for training a machine learning model?
a) Large amounts of diverse data
b) High-speed internet
c) Simple pre-written rules

d) Human supervision at all times

31. What is the benefit of data visualizations?
a) Maintaining transparency
b) Preparation of training for image recognition
c¢) Communication of results

d) Conducting statistical tests

32. Machine learning refers to:
a) Feeding pre-programmed instructions to an Al
b) Al recognizing patterns in data and improving with experience
¢) Al making random decisions

d) Al memorizing data for future use

Original

Hornberger
et al. [147]

Hornberger

et al. [147]

Original

Hornberger

et al. [147]

Original
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33. Why can systems based on machine learning obtain good results?
a) their work is often observed by humans and corrected if necessary
b) they think similarly to humans, but faster

c) they can draw conclusions from large amounts of data and thus
improve their model

d) they are derived from expert systems in which expert knowledge is
stored
34. What data do Al-based recommender systems of streaming services use?
a) the data of every user when using the service
b) all data that a user of the service leaves on the Internet
c) the data of other users, but not one's own
d) only one's own data when using the service
35. What is a common issue with training data that leads to biased Al
decisions?
a) Lack of sufficient data
b) Biases present in the dataset
c) Using unsupervised learning models
d) Slow processing speeds
36. You are testing a machine learning model that is supposed to classify photos

of animals. You notice that the model is better at recognizing cats than dogs.
What could be the reason for this?

a) dogs are more difficult to recognize than cats, since there are fewer
images of dogs on the internet

b) small objects (cats) are better recognized than large ones (dogs)
¢) most models are generally better at recognizing cats than dogs

d) the training data of the dogs were not representative for all dog breeds

37. What is the first step in developing a machine learning model?
a) Selecting an algorithm
b) Preprocessing the data
¢) Training the model

d) Evaluating the results

38. Which statement about the steps in the machine learning process is correct?
a) the steps of the process are based on behaviorist learning theories

b) the development of machine learning is an iterative process
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d)

the steps of the process of supervised and unsupervised learning are
basically the same

the steps of the process can be run backwards to generate an (artificial)
data set

39. What should be considered in machine learning when dividing the data into
training and test data?

a)
b)
c)
d)

the data should be divided into parts of as equal size as possible
the data should be randomly divided into training and test data sets
the test data should be of higher quality than the training data

the training and test data should be as different from each other as
possible

40. Al systems use sensors primarily to:

a)
b)
c)
d)

Make decisions independently
Collect real-time data from the environment
Improve their ethical decision-making

Communicate with other systems

41. Which of the following is an ethical concern in AI?

a)
b)
c)
d)

Al speed
Al bias and fairness
AT’s inability to perform calculations

Al programming languages

42. Al systems often struggle with ethical decisions because:

a)
b)
¢)
d)

They rely solely on data patterns
They lack moral reasoning abilities

They prioritize efficiency over fairness

All of the above

43. Which ethical principles should be considered when developing AI?

a)
b)
c)
d)

Holism, fairness, transparency
Prevention of harm, transparency, fairness
Fairness, holism, prevention of harm

Transparency, prevention of harm, holism

44. What is the “black-box” problem?

a)
b)

Al entails a residual risk that is hard to calculate

it is often difficult to determine how Al makes decisions

Hornberger
et al. [147]

Original

Original

Original

Hornberger

et al. [147]

Hornberger

et al. [147]
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c)
d)

users are often not informed about the application of Al

many users have little knowledge about Al

45. Which societal challenge is frequently mentioned in the context of AI?

a)
b)
c)
d)

lack of investment incentives in the educational system
chip shortage in industry due to the high computational cost of Al
high error rate in Al-enabled manufacturing

replacement of human workforce by Al

46. What are central risks in using Al for predictive policing?

a)
b)
c)
d)

Vulnerability to hacking
Discrimination against suspects based on origin and status
Lack of legal certainty in the event of Al breakdown

Undermining the authority of police officers

47. Which legal challenges do Al applications entail?
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a)
b)
c)
d)

Users of Al have no option for legal protection
Protecting the rights of Al itself
Lawyers do not understand the importance of Al

Limited control of Al because of its autonomy

Hornberger
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C.2. Item Sets after Expert Review and Pilot Studies

a. Likert-Scale Items

Likert-scale Item

1. I can recognize Al-driven systems across different applications.

2.1 can distinguish between intelligent systems and non-intelligent
systems.

3.1 can differentiate between narrow Al and general AL

4. I understand the process of programming Al applications.

5. I understand the process of training Al applications using data.
6.1 am capable of programming a basic Al application.

7.1 can clearly articulate the strengths of current Al systems.
8.1 can clearly articulate the limitations of current Al systems.
9.1 am aware that Al systems can be unreliable.

10. I have a clear understanding of neural networks as a model in AL

11. I can explain how Al systems make decisions based on learned
patterns.

12. I am aware that Al decisions can reflect biases present in their
training data.

13. I recognize that the capabilities and limitations of Al systems are
shaped by what they learn from data.

14. I can describe the role of humans in influencing Al systems.
15. I understand how Al systems adapt based on inputs from human.

16. I am aware that Al systems can effectively respond to human
inputs in real-time.

Al literacy framework
dimension

Recognize Al

Understanding
Intelligence

General vs. Narrow
Programmability
ML Steps
Programmability

AT’s Strength and
Weakness

AT’s Strength and
Weakness

AT’s Strength and
Weakness

Representations

Decision-making

Critically Interpreting
Data

Learning from Data

Human Role in Al
Action and Reaction

Action and Reaction
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17. T understand how different disciplines contribute to the
development of Al as a field.

18. I recognize the importance of collaboration across disciplines is
necessary for improving Human-Al interaction.

19. I am confident in my ability to interpret data used in Al training.
20. I am confident in my ability to analyze data used in Al training.

21. T understand how Al systems evolve by learning from data over
time.

22.1 can thoroughly explain the machine learning process and its
components.

23. 1 am capable of critically evaluating training data for inaccuracies.

24.1 can effectively identify biases in data used to train Al systems.

25. I understand the role of sensors in Al systems.

26. I recognize the importance of sensors in collecting data for Al
systems.

27.1 am aware of the ethical challenges associated with Al
development.

28.1 am aware of the ethical responsibilities associated with Al
development.

29. I recognize that existing regulations play a role in addressing
ethical concerns in Al development.

30. I recognize that Al systems may require stricter regulation to
prevent unethical usage.

b. Multiple-Choice Items

Interdisciplinarity

Interdisciplinarity

Data Literacy
Data Literacy

Learning from Data

ML Steps

Critically Interpreting
Data

Critically Interpreting
Data

Sensors

Sensors

Ethics

Ethics

Ethics

Ethics

The associated competency is provided in parentheses after the questions. The correct answer

is indicated in italics.
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Multiple-Choice Item

1. Which of the following systems is powered by AI?

a)
b)
c)
d)

2. Imagine you are chatting with a virtual assistant. How can you
determine whether you are interacting with a human or an AI?

a)

b)
¢)

d) Make an ironic remark, as humans are better at interpreting irony.

3. What is a primary characteristic of intelligence?

a)
b)
c)
d)

4. What convinces us for an Al to be intelligent?

a)
b)
¢)
d)

5. Which statement best describes narrow AI?

a)

b)
c)

d) An Al capable of performing any task as effectively as humans

6. What is something narrow Al is unable to do?

a)

Google Maps

Calculator

A traditional thermostat

An analog clock

Assume it's impossible to distinguish between a human and an Al
in written communication.

Ask a challenging factual question, as only a human can answer it.

Intentionally make a few typing errors; an Al won't understand,

but a human will.

Following preset commands
The ability to learn and adapt
Memorizing large amounts of information

Moving objects with precision

The ability to walk and talk
The presence of an artificial brain
Being at least as intelligent as humans

Acting rationally to achieve specific goals effectively

A system capable of solving diverse problems across multiple

domains

A system designed to address a single, specific problem

A speculative future Al that mimics human thought processes

Make decisions under uncertain conditions

Al literacy
framework
dimension

Recognize Al

Understanding
Intelligence

Understanding
Intelligence

Understanding
Intelligence

General vs.
Narrow

General vs.
Narrow
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b) Perform a wide range of tasks across different domains
¢) Solve a task with a greater efficiency than a human

d) Learn from unstructured data

7. What has been the most significant factor in the advancement of Al as a

field?
a) Manually coding decision pathways
b) The availability of large datasets for training Al models
c) Continuous human oversight for every Al decision

d) The reliance on fixed rule-based algorithms

8. What is a major limitation of current Al systems?
a) An inability to store large volumes of data
b) A lack of creativity and abstract reasoning skills
c) Slow data processing capabilities

d) Difficulty following simple instructions

9. In which task is Al already outperforming humans?
a) Accurately detecting tumors in medical imaging
b) Programming complex software
c) Translating lengthy novels

d) Designing innovative cancer treatments

10. In which domain do humans still outperform AI?
a) Predicting extreme weather events from data
b) Proving mathematical theorems
c) Answering factual quiz questions

d) Playing poker

11. Which data structure is most commonly used in Al systems?
a) Flowcharts that map out decision-making processes
b) Neural networks that simulate interconnected brain-like structures
c) Pie charts for visualizing datasets

d) Tables that organize raw data in rows and columns

12. How are knowledge representations defined in the context of AI?

a) Ways to present knowledge so it is understandable to humans
through Al

b) Devices that collect data from the environment for Al processing
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c¢) Structured information about the world that computers can process
and use

d) Algorithms that derive knowledge directly from datasets

13. What is the primary foundation for Al decision-making?
a) Human intuition
b) Predefined logical rules
c) Paiterns learned from data

d) Random guessing

14. What is a major source of bias in Al decision-making?
a) Hardware performance
b) Training data
¢) The programming language used to build the Al
d) Network speed

15. How does Al decision-making differ from human decision-making?
a) Al is entirely logic-based

b) Al relies on learned patterns and lacks emotional influence in
decision-making

c) Alis capable of creativity and intuition

d) Al always makes faster decisions than humans

16. On what principles do Al systems base their decisions?
a) Mathematics and logic
b) Predefined relationships set by programmers
¢) Quantum entanglement

d) Artificial intuition

17. What distinguishes supervised learning from unsupervised learning?

a) In supervised learning, the output values of the training data are
known

b) In supervised learning, humans continuously supervise the training
process

c) In supervised learning, all steps are fully documented

d) Supervised learning is subject to stricter legal regulations
18. At which stage can humans influence the outcomes of machine
learning?

a) By calculating prediction accuracy

Decision-making

Critically

Interpreting Data

Decision-making

Decision-making

Decision-making

Human-Role in

Al

273



Appendices

b)

c)
d)

By randomly splitting data into training and testing sets
By selecting the model used in the learning process

By abstracting the structure of the model

19. To what extent can humans influence the results of machine learning?

a)
b)

c)

d)

Humans have minimal influence, as the process is fully automated
Influence is limited to selecting the training data

Humans can affect results at several stages of the development
process

Humans can only influence the interpretation of results

20. What best describes an Al system?

a)
b)

¢)
d)

Acts independently without adapting to external input

Responds and adjusts its actions based on user input or
environmental changes

Operates strictly according to predefined rules

Follows a fixed, unchanging pattern

21. Which discipline contributes critical insights into human behavior for
designing Al interactions?

a)
b)
c)
d)

Psychology
Chemistry
Geography

Mathematics

22. Which interdisciplinary research area is also a subfield of AI?

a)
b)
c)
d)

Blockchain
Natural Language Processing
Psychology of Learning

Bioinformatics

23. What is essential for training a machine learning model?

a)
b)
c)
d)

Large amounts of diverse data
High-speed internet
Simple handcrafted rules

Constant human supervision

24. What is the primary benefit of using data visualizations?

a)
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Storing data effectively
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b)

c)
d)

Preparing images for recognition tasks
Conveying insights and clearly communicating results

Performing statistical tests

25. Why do machine learning systems produce strong results?

a)
b)

c)

d)

They are extremely powerful in computation
They think like humans, but faster

They analyze large datasets to identify patterns and improve
models

They are based on expert systems with stored knowledge

26. You observe that a machine learning model is better at recognizing cats
than dogs. What could explain this difference?

a)

b)

c)

d)

There are fewer online images of dogs compared to cats, making
them harder to identify

Smaller animals like cats are inherently easier for models to
recognize than larger ones like dogs

Most machine learning models are naturally better at recognizing
cats

The training data for dogs was not diverse or representative of all
dog breeds

27. What is the first step in training a machine learning model?

a)
b)
c)
d)

Selecting an algorithm
Preprocessing and cleaning the data
Training the model

Evaluating the results

28. Which statement accurately describes the machine learning process?

a)
b)
¢)
d)

It is grounded in behaviorist learning theories
It is an iterative process that involves repeated refinement
Supervised and unsupervised learning follow identical steps

The process can be reversed to generate artificial datasets

29. What should be considered when splitting data into training and test

sets?
a)
b)
c)
d)

Ensure the datasets are equal in size
Randomly divide the data into training and test sets
Use higher-quality data for the test set than the training set

Ensure training and test data are as distinct as possible

Learning from
Data

Critically
Interpreting Data

ML Steps

ML Steps

ML Steps
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30. Why do Al systems use sensors?

a)
b)
c)
d)

To make decisions independently
To collect real-time data from the environment
To enhance their ethical decision-making capabilities

To communicate with other systems

31. Which is a common ethical concern related to AI?

a)
b)
c)
d)

The speed of Al systems
Bias and fairness in Al decision-making
AT’s limitations in performing calculations

The programming languages used to develop Al

32. Why do Al systems often struggle with fair and ethical decision-
making?

a)
b)
c)
d)

They rely solely on data patterns
They lack moral reasoning abilities

They prioritize efficiency over fairness

All of the above

33. Which ethical principles should guide the development of Al systems?

a)
b)
c)
d)

Sustainability, justice, and respect for privacy
Transparency, fairness, and prevention of harm
Inclusivity, safety, and adaptability

Responsibility, creativity, and neutrality

34. What is the “black-box” problem in AI?

a)
b)
c)
d)

Al poses unpredictable risks that are difficult to calculate
It is often unclear how Al systems arrive at their output
Users are not always informed about the use of Al systems

Many people lack basic knowledge about Al technologies

35. Which societal challenge is frequently associated with AI?

a)
b)
c)
d)
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Lack of investment in education systems
Shortages of computer chips due to AI’s computational demands
High error rates in Al-powered manufacturing processes

Displacement of human workers by Al systems

Sensors

Ethics

Ethics

Ethics

Ethics
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C.3. Background and Demographic Questions

1. How old are you?

a. 18-24
b. 25-34
c. 35-44
d. 45-54
e. 55-64
f. 65+

2. What is your gender?

a. Woman

b. Man

c. Non-binary

d. Prefer not to say

e. Other (please type)

3. In which country do you currently reside?

4. What is the highest level of education you have completed?

a. No formal education

b. High school diploma or equivalent
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c. Some college, but no degree
d. Associates, or technical degree
e. Bachelor’s degree
f. Master's degree
g. Doctoral degree
h. Other
5. What is the primary field of your educational background?
a. Arts / Humanities
b. Business / Management
c. Computer Science / Information Technology
d. Education
e. Engineering
f. Law
g. Mathematics
h. Medical / Healthcare
i. Natural Sciences
j. Social Sciences

k. Statistics / Data Science
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L.

Other

6. Have you received any formal education or training specifically related to

Artificial Intelligence (AI) or Data Science?

®

Yes, I hold a degree specializing in Al or Data Science.

Yes, I have taken three or more courses in Al or Data Science as part of

my degree program.

Yes, I have taken one or two formal courses related to Al or Data Science

as part of my degree program.

No formal education, but I have gained knowledge in AI or Data Science

through on-the-job experience.

No formal education, but I have self-taught knowledge in AI or Data

Science.

No formal education, but I have attended workshops or seminars on Al or

data science.

No formal education or training related to Al or Data Science.
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C.4. Demographic Details of the Development and Validation Sample

The development sample consisted of 288 participants and the validation sample
consisted of 188 participants. We summarize the demographic distribution of both
samples across age, gender identity, education level, educational background, and prior

Al training in Table 16 - 20.

Table 16: Age distribution of participants in the development and validation samples.

Age group Development Sample (n, %) Validation Sample (n, %)
18-24 59 (20.5%) 41 (21.8%)

25-34 132 (45.8%) 67 (35.6%)

35-44 51 (17.7%) 37 (19.7%)

45-54 28 (9.7%) 19 (10.1%)

55-64 15 (5.2%) 18 (9.6%)

65+ 3 (1.0%) 6 (3.2%)

Table 17: Gender identity distribution of participants in the development and validation

samples.
Identity Development Sample (n, %) Validation Sample (n, %)
Woman 143 (49.7%) 93 (49.5%)
Man 144 (50%) 95 (50.5%)

Non-binary 1(0.3%) -
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Table 18: Highest level of education completed by participants in the development and

Education Level

No formal education
High school

Some college, no degree

Associates or technical
degree

Bachelors
Masters

Doctorate

validation samples.

Development Sample (n, %)

40 (13.9%)
33 (11.5%)

14 (4.9%)

129 (44.8%)
63 (21.9%)

9 (3.1%)

Validation Sample (n, %)
1(0.5%)

17 (9.0%)

14 (7.4%)

9 (4.8%)

97 (51.6%)
41 (21.8%)

9 (4.8%)

Table 19: Primary field of educational background among participants in the development and

Field

Arts / Humanities
Business / Management
Computer Science /IT
Education
Engineering

Law

Mathematics

Medical / Healthcare
Natural Sciences
Other

Social Sciences

Statistics / Data Science

validation samples.

Development Sample (n, %)
44 (15.3%)
55 (19.1%)
67 (23.3%)
18 (6.2%)
20 (6.9%)
14 (4.9%)
5 (1.7%)
16 (5.6%)
18 (6.2%)
9 (3.1%)
17 (5.9%)

5 (1.7%)

Validation Sample (n, %)
11 (5.9%)
41 (21.8%)
58 (30.9%)
15 (8.0%)
15 (8.0%)
5 (2.7%)

3 (1.6%)
20 (10.6%)
6 (3.2%)

2 (1.1%)

9 (4.8%)

3 (1.6%)
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Table 20: Prior Al training reported by participants in the development and validation samples.
We grouped responses to the item “Have you received any formal education or training
specifically related to Al or Data Science?” as follows: Formal training = degree in Al/Data
Science; three or more Al/Data Science courses; one or two Al/Data Science courses. Informal
training = on-the-job experience; self-taught; workshops or seminars. No training = no formal

education or training in Al/Data Science.

Training Development Sample (n, %) Validation Sample (n, %)
No Training 110 (38.2%) 44 (23.4%)
Informal Training 119 (41.3%) 80 (42.6%)
Formal training 58 (20.1%) 64 (34.0%)

Overall, the development and validation samples were broadly comparable in terms
of age and gender distributions, with participants spanning a wide range of educational
levels and backgrounds. The validation sample contained a slightly higher proportion of
participants with formal Al training and with degrees in technical fields such as computer

science and healthcare.
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C.5. Ethics Certificate

SN

)

Human Research Ethics - Fort Garry

Universi ) ) 66 Chancellors Circle
.,Ma“imﬁ; | Research Ethics and Compliance Winnipeg, MB R3T 2N2

humanethics@umanitoba.ca

PROTOCOL APPROVAL
Effective: February 3, 2025 Expiry: February 2, 2026
Principal Investigator: Andrea Bunt
Protocol Number: HE2024-0362
Protocol Title: Al Knowledge Assessment Study

Martha Koch, Acting Chair, REB2

Research Ethics Board 2 has reviewed and approved the above research. The Office of Human Research
Ethics (OHRE) is constituted and operates in accordance with the current 7ri-Council Policy Statement: Ethical
Conduct for Research Involving Humans- TCPS 2 (2022).

Please note the following important information about your protocol approval:

L.

.

111.

iv.

Vi.

Approval is granted for the research and purposes described in the protocol only.

Any changes to the protocol or research materials must be approved by the OHRE before
implementation.

Any deviations to the research or adverse events must be reported to the OHRE immediately through
an REB Event.

This approval is valid for one year only. A Renewal Request must be submitted and approved prior to
the above expiry date.

A Protocol Closure must be submitted to the OHRE when the research is complete or if the research is
terminated.

The University of Manitoba may request to audit your research documentation to confirm compliance
with this approved protocol, and with the UM Ethics of Research Involving Humans policies and
procedures.
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C.6. Study Materials

a. Recruitment Notice

We are researchers at the Human-computer Interaction Lab at University of Manitoba,
and we are currently conducting a research study to explore ways to measure people’s
knowledge of and experiences with Artificial Intelligence (AI) technologies. We welcome

users will all levels of Al knowledge and experiences to participate.

As part of the study, you would be asked to complete a questionnaire on your Al
knowledge and experiences. The goal is to see how different people respond to questions
about Al proficiency. Your participation in the study will take approximately 20 minutes
of your time. You will receive a $6 (Canadian dollars) compensation for your time and

effort.

If you would like more information on the study, please contact Ariful Islam Anik, a
PhD student at the University of Manitoba. You can also contact the Principal

Investigator, Dr. Andrea Bunt.

This research has been approved by the Research Ethics Board at the University of Manitoba,

Fort Garry campus.
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b. Informed Consent Form

\ E2-445 EITC
b University Department of Computer Science University of Manioba
"_‘ManitOba FaCU”y Of SCience Winnipeg, Manitoba, Canada

R3T 2N2

Discover the unknown + Invent the future
T:204-474-8313

F:204-474-7609

Study Title: AT Knowledge Assessment Study

Principal Investigator: Dr. Andrea Bunt. Professor. Department of Computer Science. University of
Manitoba,

Co-Investigators: Md Ariful Islam Anik. Graduate Research Assistant, Department of Computer Science.
University of Manitoba.,

Sponsor: Natural Sciences and Engineering Research Council of Canada
Conflicts of Interest and Undue Influence: There are no conflicts of interest associated with this study.

You are being invited to participate in a research study. This consent form. a copy of which you can
download or print, is only part of the process of informed consent. If you want more details about something
mentioned here. or information not included here. feel free to ask any of the people named above. Please
take the time to read this document and any accompanying information carefully. It is very important that
vou understand:

e what is being asked of you.
¢ what the risks and benefits of participation are, and
¢ how the mformation you provide will be used and stored.

Purpose of the study:

You are mnvited to participate in a research study on the topic of exploring effective methods for measuring
individuals' ATl knowledge and experiences and to assess whether these measurements can be used to
categorize users based on their AT proficiency. Your participation in this research study will involve filling
out a questionnaire we designed for assessing Al knowledge and experiences. If yvou have any questions or
concerns at this time or any time during the study. please feel free to ask the researchers for clarification.

Study Procedures:

The study will take place remotely, with the content presented via Microsoft Forms. After providing
consent, you will proceed to the questionnaire. Participation in this study is voluntary and will take
approximately 20 minutes of vour time. The correctness of vour responses will not impact yvou in any way.
but we encourage you to answer thoughtfully and carefully to help us gather meaningful insights.
Additionally, you are free to refrain from answering any questions you prefer to omit.

Study Risks:

This survey is minimal risk, meaning that the risks are no greater than what you might encounter in your
daily life.
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Study Benefits:

The benefits of participating in this research are that you contribute to the development of a measurement
tool that can help estimate an individual's Al knowledge and experiences. The questions about AT might
also spark your interest in AT and how it impacts our life.

Compensation:
You will receive a $6 (Canadian dollars) compensation on your prolific account for your time and effort.
Use and Storage of Information:

All the information you provide as a participant in this study is confidential which means we as researchers
must keep it safe. We will do our best: however. it is not possible to guarantee absolute confidentiality. We
will only share vour personal information if required through court order or law (e.g., suspected child or
elder abuse).

Only Prolific will see your personal information to provide your honorarium. We will not be able to link
the personal information vou share with them with the research information you share with us. We will
collect your anonymous responses to our questionnaire. Additionally. we will collect some indirectly
identifying information. such as age, gender. and education level. The data will be collected through
Microsoft Forms and will be securely stored in a privately shared MS Teams on the University of Manitoba
servers. Access to the data will be restricted to the research team. who will use university-provided,
password-protected email accounts to access it. In addition. the University of Manitoba may look at research
records to see that the research is being done in a safe and proper way.

Data Destruction:
All the data will be retained for a maximum period of three years and will be destroyed by December 2027.
Dissemination:

This study 1s part of co-mnvestigator’s PhD thesis, which will be disseminated on MSpace. and we intend to
disseminate the results through academic journals and/or conferences. No personal information about you
will be included.

Withdrawing:

Your participation in this research study is voluntary. You can choose to do only the activities and/or answer
only the questions that you are comfortable with. You may withdraw from the study for any reason. You
do not have to explain why. You will not be penalized in any way. Should you desire to withdraw partway
through the study, you can do so by closing this tab or window on your browser. If you quit without clicking
the submit button at the end of the survey. none of your answers will be saved. so your data will not be used
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in the research. However, to receive your honorarium you must click through to the end of the study and
submit it. You do not have to respond to any subsequent questions, except for the final question, which
provides an option to withdraw your data. If you decide to withdraw, your data will be destroyed. However,
if you do not select the option and submit your responses, due to the nature of the study. we will not be able
to remove your information as it cannot be linked back to you.

Summary of Results:

A summary of the results will be made available to the public at the HCI lab website
(http://hei.cs.umanitoba.ca’). We anticipate providing the summary of results by December 2025. Given
that we are not collecting any identifying information. we will not have the ability to send participants the
stmumary directly,

Questions or Concerns:

Designated University of Manitoba personnel (and/or Natural Sciences and Engineering Research Council
of Canada) may check that this study is being done safely and properly. To do this, they may review the
research records.

This study has been reviewed and approved by a Research Ethics Board at the University of Manitoba.
However. this does not mean that participation is risk-free. If you have questions about your rights as a
research participant. you may contact the Office of Human Research Ethics

If you have any questions, concerns, or complaints about this study. you may contact any members of the
research team listed on the first page or the Office of Human Research Ethics.

Consent:

By clicking continue below. you indicate that you have understood to your satisfaction the information
regarding participation in the research study. By doing this you also confirm that you are at least 18 years
of age. In no way does this waive your legal rights nor release the researchers. sponsors, or involved
institutions from their legal and professional responsibilities. You are free to withdraw from the study at
any time, without prejudice or consequence by simply closing the questionnaire without pressing the final
“Submit” button. Once you have submitted your responses you will no longer be able to withdraw your
data since your responses are anonymous.

By participating in this study. I agree that:

¢ Ihave read the above information.
¢ [ have had the opportunity to ask and have answered all of my questions.
¢ T understand what is being asked of me.
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¢ I will be taking part in a research study.

¢ I may freely stop or leave the research study activities at any time.
¢ My information may be shared outside the University of Manitoba.
¢ I do not waive my legal rights by participating in the study.

Notice Regarding Collection, Use, and Disclosure of Personal Information

Your personal information is being collected under the authority of The University of Manitoba Act. The
University of Manitoba is committed to preserving your right to privacy. The information you provide will
be used by the University to support our research. Your personal information will not be used or disclosed
for other purposes, unless permitted by The Freedom of Information and Protection af Privacy Act or The
Personal Health Information Act. If you have any questions about the collection of personal information:
Ph: 204-474-9462 or Email: fippa@umanitoba.ca
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C.7. Likert-Scale Items Analysis

a. Exploratory Factor Analysis

We first assessed factorability of the Likert-scale data and determined the number of
factors to extract. Next, we examined factor loadings for the full item pool, refined the
structure by dropping weak or cross-loading items, and then interpreted the emergent

factors. The following subsections (4.1.1-4.1.4) present these stages in detail.

1. Initial Model Specifications
- Extraction method: Principal Axis Factoring (PAF)
- Rotation: Oblimin (allowing correlated factors)
- Number of factors: 2 (based on parallel analysis, scree plot, MAP test)

- Sample: Development sample (N = 288)

2. Factor Loadings for all Likert-Scale Items

Table 21: Factor loadings, communalities (h?), uniqueness (u®), and complexity (com) of Likert-
scale items in the development sample. The highlighted items were considered weak based on

predetermined criteria.

Item Factor 1 Factor 2 h? u? com

I can recognize Al-driven systems across .49 .36 .56 44 1.8
different applications.

I can distinguish between intelligent systems and .48 31 48 52 1.7
non-intelligent systems.

I can differentiate between narrow Al and 71 54 46 1.0
general Al

I understand the process of programming Al .89 .69 31 1.0
applications.
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I understand the process of training Al
applications using data.

I am capable of programming a basic Al
application.

I can clearly articulate the strengths of current Al
systems.

I can clearly articulate the limitations of current
Al systems.

I am aware that Al systems can be unreliable.

I have a clear understanding of neural networks
as a model in AL

I can explain how Al systems make decisions
based on learned patterns.

I am aware that Al decisions can reflect biases
present in their training data.

I recognize that the capabilities and limitations of
Al systems are shaped by what they learn from
data.

I can describe the role of humans in influencing
Al systems.

I understand how Al systems adapt based on
inputs from human.

[ am aware that Al systems can effectively
respond to human inputs in real-time.

I understand how different disciplines contribute
to the development of Al as a field.

I recognize the importance of collaboration across
disciplines is necessary for improving Human-Al

interaction.

I am confident in my ability to interpret data used
in Al training.

I am confident in my ability to analyze data used
in Al training.
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.62

.88

.63

.52

.82

.64

43

71

.73

.34

.63

.74

.78

.60

.59

.66

.39

.62

.60

.63

.59

.57

.30

.65

.65

48

.54

.63

.59

52

51

.58

.68

.66

40

.37

41

43

.70

.35

.35

.52

.46

.37

41

.48

.49

42

32

.34

1.3

1.1

1.3

1.7

1.4

1.0

1.3

1.1

1.0

1.5

1.4

1.0

2.0

1.2

1.1

1.1
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I understand how Al systems evolve by learning
from data over time.

I can thoroughly explain the machine learning
process and its components.

I am capable of critically evaluating training data
for inaccuracies.

I can effectively identify biases in data used to
train Al systems.

I understand the role of sensors in Al systems.

I recognize the importance of sensors in
collecting data for Al systems.

[ am aware of the ethical challenges associated
with Al development.

I am aware of the ethical responsibilities
associated with Al development.

I recognize that existing regulations play a role in
addressing ethical concerns in Al development.

I recognize that Al systems may require stricter
regulation to prevent unethical usage.

Factor Statistics

Factor SS Loadings Proportion
Variance

Factor 1 10.47 0.35

Factor 2 6.97 0.23

Factor correlation: r = .51

Factors score adequacy: Correlation with true factors = .98 (Factor 1), .96 (Factor 2)

.38

.93

.74

.58

.85

.81

49

.32

.69

.67

.60

74

Cumulative
Variance

0.35

0.58

.58

77

.61

.62

.70

.66

.54

.58

.50

45

42

.23

.39

.38

.30

34

.46

42

.50

.55

Proportion
Explained

0.60

0.40

1.9

1.0

1.0

1.6

1.0

1.0

1.0

1.1

1.2

1.1
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3. Factor Loadings after Dropping Weak Items

Table 22: Factor loadings, communalities (h?), uniqueness (u?), and complexity (com) of Likert-

scale items after dropping weak items.

Item
I can differentiate between narrow Al and
general Al

I understand the process of programming Al
applications.

[ understand the process of training Al
applications using data.

I am capable of programming a basic Al
application.

I can clearly articulate the strengths of current Al
systems.

I am aware that Al systems can be unreliable.

I have a clear understanding of neural networks
as a model in AL

I can explain how Al systems make decisions
based on learned patterns.

I am aware that Al decisions can reflect biases
present in their training data.

I recognize that the capabilities and limitations of
Al systems are shaped by what they learn from
data.

I can describe the role of humans in influencing
Al systems.

I understand how Al systems adapt based on
inputs from human.

[ am aware that Al systems can effectively
respond to human inputs in real-time.
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Factor 1

.70

.88

.62

.87

.61

.81

.63

Factor 2

.63

.74

77

.59

.58

.66

h2

.53

.69

.60

.63

.57

.30

.65

.65

48

.54

.61

.58

51

47

31

.40

.37

43

.70

.35

.35

.52

.46

.39

42

.49

com

1.0

1.0

1.3

1.1

1.3

1.3

1.0

1.4

1.0

1.0

1.5

1.5

1.1
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I recognize the importance of collaboration across 61 .56 44 1.3
disciplines is necessary for improving Human-Al

interaction.

I am confident in my ability to interpret data used = .71 .68 .32 1.2

in Al training.

I am confident in my ability to analyze data used = .72 .66 .34 1.1
in Al training.

I can thoroughly explain the machine learning .92 .78 .22 1.0
process and its components.

I am capable of critically evaluating training data .72 .60 40 1.0
for inaccuracies.

[ understand the role of sensors in Al systems. .85 71 .29 1.0

I recognize the importance of sensors in .80 .67 .33 1.0
collecting data for Al systems.

[ am aware of the ethical challenges associated .70 .56 44 1.0
with Al development.

I am aware of the ethical responsibilities .68 .59 41 1.1
associated with Al development.

I recognize that existing regulations play a role in .60 .50 .50 1.2
addressing ethical concerns in Al development.

I recognize that Al systems may require stricter 74 47 .53 1.1
regulation to prevent unethical usage.

Factor Statistics

Factor SS Loadings Proportion Cumulative Proportion
Variance Variance Explained

Factor 1 8.45 0.35 0.35 0.60

Factor 2 5.67 0.24 0.59 0.40

Factor correlation: r = .48

Factors score adequacy: correlation of scores with factors = .98 (PA1), .96 (PA2)
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4. Interpretation of Factors
The final EFA solution suggested a two-factor structure. Factor 1: Functional
Knowledge of AI Systems, captured items related to programming, training processes,
understanding of machine learning, sensors, and the evaluation of training data. Factor
2: Al in Society, included items focused on ethics, regulations, human influence, bias,
and interdisciplinary collaboration. The naming of the two factors was based on
qualitative evaluation of item content and conceptual alignment with prior work on Al
literacy. Together, the two factors accounted for 59% of the total variance, with strong
factor score adequacy values, supporting the robustness and interpretability of the factor

structure.

b. Item Response Theory (IRT) Results for Likert-Scale Factors

To further evaluate item-level functioning, we applied the Graded Response Model
(GRM) to the finalized Likert-scale factors. The GRM estimates both discrimination
parameters (a), which indicate how well items differentiate between participants with
varying levels of competence, and threshold parameters (b1-b6), which reflect the points
along the latent trait continuum at which respondents transition between response
categories. Results for Factor 1 (Functional Knowledge of Al Systems) and Factor 2 (Al in
Society) are presented in Tables 23 and 24, respectively, along with illustrative item

characteristic curves in Figure 29 and 30.
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1. Factor 1 (Functional Knowledge of Al Systems)

Table 23: Item Response Theory (IRT) parameter estimates for Factor 1 (Functional Knowledge

of Al Systems) using the Graded Response Model (GRM).

Factor 1: Functional Knowledge of Al
Systems

I can differentiate between narrow Al
and general Al

I understand the process of
programming Al applications.

[ understand the process of training Al
applications using data.

I am capable of programming a basic
Al application.

I can clearly articulate the strengths of
current Al systems.

I have a clear understanding of neural
networks as a model in AL

I can explain how Al systems make
decisions based on learned patterns.

I am confident in my ability to analyze
data used in Al training.

I can thoroughly explain the machine
learning process and its components.

I am capable of critically evaluating
training data for inaccuracies.

I understand the role of sensors in Al
systems.

Discrimination = Thresholds (b1-b6)

(a)

2.20

2.95

2.21

2.86

2.06

2.85

2.37

2.49

3.92

2.43

2.80

2.30, 0.69, -0.03, -1.47, -3.00, —4.45

2.47,0.67, -0.74, -2.26, -3.94, -5.90

3.46, 1.86, 0.73, —-0.31, —-1.93, -3.96

0.50, -0.94, -1.76, —2.89, —4.06, —5.56

3.00, 1.55, 0.48, —0.72, —2.54, —4.58

2.61, 0.75, -0.47, -1.90, -3.50, —=5.72

3.55, 1.77, 0.66, —0.82, —=2.56, —4.28

3.36, 1.88, 0.28, -0.97, -3.14, -5.43

2.15, 0.20, —1.58, —3.24, -5.34, -7.74

2.77,1.17, -0.20, -1.42, -3.35, -5.39

1.52, 0.45, -0.68, —1.93, -3.54, -5.18
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Figure 29: Item characteristic curves for Factor 1 (Functional Knowledge of Al Systems) based
on the Graded Response Model.
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2. Factor 2 (Al in Society)

Table 24: Item Response Theory (IRT) parameter estimates for Factor 2 (Al in Society) using the
Graded Response Model (GRM).

Factor 2: Al in Society

I am aware that Al decisions can reflect
biases present in their training data.

I recognize that the capabilities and
limitations of Al systems are shaped by
what they learn from data.

[ am aware that Al systems can effectively
respond to human inputs in real-time.

I recognize the importance of
collaboration across disciplines is
necessary for improving Human-Al
interaction.

I am aware of the ethical challenges
associated with Al development.

I recognize that existing regulations play a
role in addressing ethical concerns in Al
development.

I understand how Al systems adapt based
on inputs from human.

[ am aware that Al systems can be
unreliable. *

I can describe the role of humans in
influencing Al systems.

Discrimination = Thresholds (b1-b6)

(a)

1.76

2.15

2.33

2.19

1.79

1.82

2.59

1.01

2.56

5.06, 3.41, 2.88, 1.71, 0.28, —1.84

7.05, 4.83, 3.78, 2.19, 0.58, —-1.77

6.74, 4.68, 3.36, 1.94, -0.15, —-2.29

5.90, 4.22, 2.96, 1.66, —0.28, —2.62

5.50, 3.87, 2.70, 1.55, —0.06, —2.16

5.22,3.58, 2.44, 0.91, -0.76, —-2.73

5.55, 4.05, 2.66, 1.40, -0.78, -3.13

6.16, 3.99, 3.55, 2.13, 1.01, -0.23

6.15,4.11, 2.71, 0.96, -0.95, -3.21

Note — The starred item was removed after IRT analysis due to low discrimination power.
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Figure 30: Item characteristic curves for Factor 2 (Al in Society) based on the Graded Response
Model.

C.8. Multiple-Choice Items Analysis

We applied Item Response Theory (IRT) models to both the development and validation
samples. These analyses allowed us to estimate item parameters, assess model fit, and
examine the extent to which individual items reliably captured variation in participants’

factual Al understanding.

a. Item Response Theory (IRT) Results for Multiple-Choice Items on

Development Sample

We first examined the development sample using the 3-parameter logistic (3PL) model,
which estimates item discrimination (a), difficulty (b), and guessing (g) parameters. This

model is well suited to multiple-choice items because it accounts for the probability of
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answering correctly by chance. Table 25 reports the parameter estimates for all items,
Figure 31 presents the corresponding item characteristic curves, and Table 26 summarizes

item-level model fit.

Table 25: Item Response Theory (IRT) parameter estimates for multiple-choice items in the

development sample (discrimination, difficulty, and guessing parameters).

Item Discrimination = Difficulty =~ Guessing
(a) (b) ®

Which of the following systems is powered by AI? 4.07 -0.15 0.85

Imagine you are chatting with a virtual assistant. 0.56 -0.13 0.00

How can you determine whether you are interacting
with a human or an AI?

What is a primary characteristic of intelligence? 1.61 -1.10 0.39
What convinces us for an Al to be intelligent? 1.09 -0.85 0.00
Which statement best describes narrow AI? 1.57 -1.20 0.00
What is something narrow Al is unable to do? 1.68 -0.32 0.16
What has been the most significant factor in the 4.41 -0.37 0.45

advancement of Al as a field?

What is a major limitation of current Al systems? 0.66 -1.47 0.00
In which task is Al already outperforming humans? 3.25 0.70 0.16
In which domain do humans still outperform AI? 1.21 1.56 0.10
Which data structure is most commonly used in Al 1.94 0.34 0.34
systems?

How are knowledge representations defined in the 18.44 1.05 0.29

context of AI?

What is the primary foundation for Al decision- 0.77 -3.20 0.01
making?
What is a major source of bias in Al decision- 3.96 -0.17 0.43
making?
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How does Al decision-making differ from human
decision-making?

On what principles do Al systems base their
decisions?

What distinguishes supervised learning from
unsupervised learning?

At which stage can humans influence the outcomes of
machine learning?

To what extent can humans influence the results of
machine learning?

What best describes an Al system?

Which discipline contributes critical insights into
human behavior for designing Al interactions?

Which interdisciplinary research area is also a
subfield of AI?

What is essential for training a machine learning
model?

What is the primary benefit of using data
visualizations?

Why do machine learning systems produce strong
results?

You observe that a machine learning model is better
at recognizing cats than dogs. What could explain this

difference?

What is the first step in training a machine learning
model?

Which statement accurately describes the machine
learning process?

What should be considered when splitting data into
training and test sets?

Why do Al systems use sensors?

Which is a common ethical concern related to AI?
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Why do Al systems often struggle with fair and 1.36 -0.16 0.34
ethical decision-making?

Which ethical principles should guide the 9.27 0.76 0.48
development of Al systems?

What is the “black-box” problem in AI? 5.39 0.70 0.36
Which societal challenge is frequently associated with = 1.83 -1.03 0.00
Al?

Note - Discrimination (a) = how well the item differentiates between participants of different
ability levels. Difficulty (b) = location on the ability scale (6) where the item is most

informative. Guessing (g) = indicates the probability of answering correctly by chance.
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Figure 31: Item characteristic curves (ICCs) for the 35 multiple-choice items in the development
sample based on the 3-parameter logistic model. Each curve shows the probability of a correct

response across levels of latent ability (0), illustrating item discrimination, difficulty, and
guessing behavior.

Table 26: Item-level model fit statistics for multiple-choice items in the development sample (S-

X?, df, RMSEA, and p-values).

Item

Which of the following systems is powered by AI?

Imagine you are chatting with a virtual assistant. How can you

determine whether you are interacting with a human or an AI?

What is a primary characteristic of intelligence?

What convinces us for an Al to be intelligent?

Which statement best describes narrow AI?
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S-X? df
11.79 8

15.93 20
23.07 16
12.67 18
19.03 15

value

RMSEA  p-
0.04 .16
0.00 72
0.04 11
0.00 81
0.03 .21
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What is something narrow Al is unable to do?

What has been the most significant factor in the advancement
of Al as a field?

What is a major limitation of current Al systems?

In which task is Al already outperforming humans?

In which domain do humans still outperform AI?

Which data structure is most commonly used in Al systems?

How are knowledge representations defined in the context of
AI?

What is the primary foundation for Al decision-making?
What is a major source of bias in Al decision-making?

How does Al decision-making differ from human decision-
making?

On what principles do Al systems base their decisions?

What distinguishes supervised learning from unsupervised
learning?

At which stage can humans influence the outcomes of machine
learning?

To what extent can humans influence the results of machine
learning?

What best describes an Al system?

Which discipline contributes critical insights into human
behavior for designing Al interactions?

Which interdisciplinary research area is also a subfield of AI?
What is essential for training a machine learning model?
What is the primary benefit of using data visualizations?
Why do machine learning systems produce strong results?
You observe that a machine learning model is better at

recognizing cats than dogs. What could explain this
difference?
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What is the first step in training a machine learning model?

Which statement accurately describes the machine learning
process?

What should be considered when splitting data into training
and test sets?

Why do Al systems use sensors?
Which is a common ethical concern related to AI?

Why do Al systems often struggle with fair and ethical
decision-making?

Which ethical principles should guide the development of Al
systems?

What is the “black-box” problem in AI?

Which societal challenge is frequently associated with AI?

31.90

15.34

18.02

17.43

10.03

39.89

27.76

19.27

21.73

17

19

11

13

0.05

0.00

0.01

0.00

0.00

0.07

0.04

0.02

0.05

.02%

.50

.38

.56

.53

.002**

.09

.38

.06

Note. S-X? = item-level chi-square fit statistic, df = degrees of freedom, RMSEA = root mean

square error of approximation, p-value = significance of S-X? test. Items with significant

misfit (p < .05) are flagged with *

b. Item Response Theory (IRT) Results for Multiple-Choice Items on

Validation Sample

We then applied the same 3PL model to the validation sample to confirm the stability of

the multiple-choice items’ psychometric properties. Table 27 provides parameter

estimates, Figure 32 presents the item characteristic curves, and Table 28 reports model

fit statistics. Together, these results highlight which items maintained strong

performance across samples and which items may require further refinement.
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Table 27: Iltem Response Theory (IRT) parameter estimates for multiple-choice items in the

validation sample (discrimination, difficulty, and guessing parameters).

Item Discrimination ~Difficulty Guessing
(a) (b) ®
What is one of the primary characteristics of 0.94 -2.54 0.00
intelligence?
What convinces us for an Al to be intelligent? 0.92 -1.25 0.00
Which statement best describes narrow AI? 2.34 -0.91 0.00
What is something narrow Al is unable to do? 2.61 -0.24 0.20
In which task is Al already outperforming humans? 8.51 0.49 0.10
In which domain do humans still outperform AI? 4.17 0.73 0.20
Which data structure is most commonly used in Al 6.10 0.33 0.59
systems?
How does Al decision-making differ from human 2.21 -1.11 0.02

decision-making?

What distinguishes supervised learning from 6.66 0.54 0.25
unsupervised learning?

At which stage can humans influence the outcomes of ~ 15.85 0.39 0.46
machine learning?

What is essential for training a machine learning 5.89 -0.37 0.57
model?

What is the primary benefit of using data 3.99 0.02 0.29
visualizations?

Why do machine learning systems produce strong 1.06 -1.76 0.01
results?

You observe that a machine learning model is better at = 1.96 -0.91 0.00
recognizing cats than dogs. What could explain this

difference?

Which statement accurately describes the machine 2.16 0.03 0.24

learning process?

What should be considered when splitting data into 2.85 0.55 0.04
training and test sets?
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Which is a common ethical concern related to AI?

Which societal challenge is frequently associated with

AlI?

1.0
0.8
0.6
0.4
0.21
0.0

P(0)

1.01
0.81
0.61
0.4
0.2
0.04

Figure 32: Item characteristic curves (ICCs) for multiple-choice items in the validation sample
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Table 28: Item-level model fit statistics for multiple-choice items in the validation sample (S-X?,

df, RMSEA, and p-values).

Item S-X* df RMSEA p-value
What is one of the primary characteristics of intelligence? = 7.83 7 0.025 35
What convinces us for an Al to be intelligent? 9.56 11 | 0.000 .57
Which statement best describes narrow AI? 9.49 7 0.044 22
What is something narrow Al is unable to do? 6.18 8 0.000 .63

In which task is Al already outperforming humans? 6.81 6 0.027 34

In which domain do humans still outperform AI? 11.61 9 0.039 .24
Which data structure is most commonly used in Al 1577 9 0.003 .07
systems?

How does Al decision-making differ from human 4.60 6 0.000 .60

decision-making?

What distinguishes supervised learning from 4.33 9 0.000 .89
unsupervised learning?

At which stage can humans influence the outcomes of 9.55 9 0.018 .39
machine learning?

What is essential for training a machine learning model?  6.06 6 0.007 42
What is the primary benefit of using data visualizations? = 17.46 9 0.071 .04
Why do machine learning systems produce strong 1411 9 0.055 12
results?

You observe that a machine learning model is better at 8.99 7 0.039 .25
recognizing cats than dogs. What could explain this

difference?

Which statement accurately describes the machine 19.70 11 0.065 .05

learning process?

What should be considered when splitting data into 6.11 7 0.000 .53
training and test sets?

Which is a common ethical concern related to AI? 12.76 8 0.056 a2
Which societal challenge is frequently associated with 6.27 9 0.000 71
AlI?
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C.9. Measurement Invariance Testing for Likert-Scale Factors

We tested measurement invariance of the two-factor Likert structure across gender and

prior Al training groups. Establishing invariance is critical for ensuring that observed

differences reflect true differences in different groups. Following standard practice, we

sequentially evaluated configural, metric, and scalar models and compared changes in fit

indices (ACFI, RMSEA, SRMR) as well as chi-square difference tests.

Model
Config
Metric

Scalar

Table 29: Multi-group measurement invariance testing across gender.

2

X

670.35

692.40

705.53

df

298

315

332

CH

.879

877

.878

ACFI

.002

-.001

TLI

.861

.866

875

RMSEA  SRMR

115 .076
113 .095
.109 .095

Interpretation: Configural, metric, and scalar invariance were all supported across

gender (ACFI < .01, nonsignificant x* difference tests), indicating that the factor structure,

loadings, and intercepts were equivalent for men and women.

Table 30: Multi-group measurement invariance testing across prior Al training groups

Model
Config
Metric
Scalar

Partial
Scalar*
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2

X

909.87

955.90

1018.33

1005.60

df

447

481

515

513

CFI

.808

.803

791

.795

ACFI

.005

.012

.008

TLI

779

.790

.792

,795

RMSEA  SRMR

129 .095
126 115
125 129
124 128
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Note — One intercept (“I am aware that Al systems can effectively respond to human inputs

in real-time.”) was freed to restore fit.

Interpretation: Across prior Al training groups, configural and metric invariance were
supported. Scalar invariance initially failed (ACFI =.012, p =.011). Allowing one intercept
to vary improved model fit (ACFI = .008, nonsignificant x” difference), supporting partial
scalar invariance. This indicates valid latent mean comparisons across training groups

with only minor item-level non-invariance.
C.10. Differential Item Functioning for Multiple-Choice Items

We conducted Differential Item Functioning (DIF) analyses of the multiple-choice items.
DIF testing evaluates whether individual items operate differently across groups with the
same underlying ability, which could indicate potential bias. Using likelihood-ratio tests
within the 3PL IRT framework and controlling false discovery rate (FDR), we compared

item functioning across gender and training groups.

Table 31: Differential item functioning (DIF) analyses of multiple-choice items across gender

and training groups using 3PL IRT likelihood-ratio tests with FDR correction.

Grouping Method Items Flagged Notes

Gender 3PL-IRT (LR, FDR) 0 No evidence of DIF
across gender.

Training 3PL-IRT (LR, FDR) 0 All items functioned
equivalently across
training groups.

Interpretation: DIF analyses showed that the multiple-choice items functioned

consistently across gender and training groups.

309



Appendices

C.11. Regression Analysis

To further examine the relationship between perceived and actual competence, we
conducted regression analyses predicting calibration mismatch from self-assessed
competence while controlling gender and prior Al training. We estimated robust
regression models (HC3 standard errors) using both raw and standardized self-
assessment scores as predictors, allowing us to assess the stability of effects across

different scaling approaches.

Table 32: Regression of calibration mismatch on self-assessed competence (raw score model)

with robust standard errors (HC3)

Predictor B SE 95% CI t D
(Intercept) -2.97 0.17 - -17.12 <.001
Self-assess 0.68 0.05 [0.58, 0.77] 13.61 <.001
Gender (men = 1) -0.19 0.09 - -2.07 .039
Training (informal) 0.11 0.11 - 0.96 .339
Training (formal) 0.14 0.17 - 0.83 406

Interpretation: The effect of self-assessed competence was positive and highly
significant (b = 0.68, 95% CI [0.58, 0.77], p < .001), indicating that participants with lower
self-assessments underestimated their competence, while those with higher self-
assessments overestimated. Gender showed a small negative effect, suggesting men
tended slightly more toward underestimation when holding self-assessment and training

constant.
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Table 33: Regression of calibration mismatch on standardized self-assessed competence (z-

score model) with robust standard errors (HC3).

Predictor B SE 95% CI t D
(Intercept) 0.02 0.10 - 0.16 873
Self-assess (z) 0.84 0.06 [0.72, 0.96] 13.61 <.001
Gender (men = 1) -0.19 0.09 - -2.07 .039
Training (informal) 0.11 0.11 - 0.96 .339
Training (formal) 0.14 0.17 - 0.83 406

Interpretation: Self-assessed competence (standardized) was a strong positive predictor
of calibration mismatch (b = 0.84, 95% CI [0.72, 0.96], p < .001). Gender showed a small
but significant negative effect (b = —0.19, p = .039), indicating that men were slightly more
likely to underestimate their competence when self-assessment and training were held

constant. Training level effects were not statistically significant.
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